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Abstract

From the early days of electrical power systems to today’s systems,
many infrastructural developments and policy-related rules and regula-
tions have come into play. Accordingly, its operation, planning, moni-
toring and protection scheme have also been updated to meet the system
requirements.

From manual to semi-automated, from semi-automated to fully au-
tomated system configuration has evolved and it took more than 140
years to get to its present state.

All three major sections in the power system– generation, transmis-
sion, and distribution—are advancing rapidly towards the smart digi-
tized system. This helps power engineers monitor, control and protect
the whole network very efficiently. Recently, researchers in the power
system field have been very much concerned about different sensing de-
vices that reliably fetch required signals to analyze in a better way using
different computational and analysing tools. Different intelligent algo-
rithms have been proposed in the past with the aim of controlling the
whole system smoothly. Researchers are changing and revising these ex-
isting algorithms as a result of the increased complexity of the system
due to the inclusion of various entities. Better controlling, monitoring,
and protection of the system require a clear understanding of all fea-
sible power system abnormalities. The deviation of any quantity, such
as current, voltage, power, etc., from its normal operating condition
is termed a power system disturbance. The immediate effect due to
these disturbances is faced by all electrical equipment and appliances
connected to the system. Anything from maloperation to permanent
damage may happen. Consequently, voltage and current quantities get
distorted. These abnormalities may persist for a few microseconds to a
few cycles and even for hours. In this work, voltage and current during
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all possible disturbances have been investigated. The causes of distur-
bance creation, termed as events, have also been studied. Even these
disturbances may be of a cumulative type due to the occurrences of two
or more events. Two or more events may occur simultaneously or one
after another. These probabilities have also been considered. Finally,
the identification of events has been studied. Fast and accurate identifi-
cation is essential for adopting suitable measures to restore the system
quickly.

An experimental setup with all feasible disturbance-creating event ar-
rangements and sensing devices has been fabricated for producing power
system events. Instrument transformers have been used to sense line cur-
rents and node voltages, and a data acquisition system has been arranged
to record those sensed signals. These acquired signals have been filtered
to eliminate noise using mathematical tools and unsupervised machine
learning techniques before the data have been normalized. These normal-
ized filtered data have been processed using different signal-processing
techniques to extract their particular features. Processed data have been
represented in different formats to make them compatible with the vari-
ous machine learning techniques. At different stages of this work, various
advanced machine-learning techniques were used to classify the events.

Throughout the work, the number of events and their types were
revised and modified by including new investigated events, and subse-
quently, different classifiers were modelled. These models have been
equipped with a laboratory-based system to observe their working in
case of any real-time event.

Chapter 1 of this thesis provides an overall concept of system distur-
bances and the origin of the disturbance. Some adverse situations arising
due to these disturbances have also been illustrated to realize their ef-
fects. A few research works in this area have also been highlighted.

Chapter 2 has been organized to illustrate the laboratory-based ex-
perimental arrangements for conducting some tests on power system

ii



events. Their original photographs have shown each part of this experi-
mental setup.

Chapter 3 deals with a few very commonly occurring single event-
based disturbances and a few classifiers for their classification.

In Chapter 4, a few multi-event-based disturbances were considered
along with the single-event disturbances. Finally, a few deep learning-
based classifiers have been proposed depending on the number and type
of cases considered. In addition to these, a special type of classifier has
been proposed to visually classify all disturbance categories using 2D
plotting of data.

In Chapter 5, an overall conclusion has been drawn, and a few future
scopes in accordance with the power system advancement in the field of
system monitoring and protection have been proposed.
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CHAPTER 1

Introduction

1.1 Power System Disturbances

For any well-designed and planned power system, the power flow,
voltages at different nodes and line currents are obtained by using load
flow analysis. If the harmonics are ignored, the power flow at any point
in the power system is sinusoidal in nature. This power flow is steady,
and for a healthy system at any instant of time, the total generation
will be exactly equal to the sum of the total load demand and network
loss, maintaining the voltage and frequency within their tolerable limits.
However, any change in the system condition will cause the power flow at
all the locations to deviate from its previous steady value [1]. Power sys-
tem disturbances, defined as the waveform distortion of a power system
under normal or abnormal conditions, contain considerable system and
equipment state information. Obtaining equipment and system state
information from a power disturbance is very important to ensure the
safety of power grids. A power disturbance generally refers to the phe-
nomenon or event of three-phase voltage/current waveform distortion
and deviation from an expected value, which includes steady-state volt-
age/current deviations, such as voltage/current imbalance and harmon-
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ics, and transient waveform abnormalities, such as load switching and
fault disturbance.

Power system disturbance is a major concern among utility engi-
neers. Consumers and utilities both suffer due to PSD. Nowadays, power
semiconductor-based devices are being used by power industries and
consumers. For their proper functioning, quality power has to be as-
sured. Even this is the cause for relaying system to be malfunctioned.
The immediate effects of these disturbances are voltage sag, voltage
swell, frequency change, voltage fluctuations etc. These disturbances
are caused by different power system phenomenon viz. switching, sud-
den load change, line fault, generator fault etc.

Early detection of these disturbances are highly recommended for the
relaying system to take correct decision within a couple of cycles. This
helps system to act correctly and protect all connected equipment from
being damaged.

The progress in adaptive protection systems heavily relies on signal
processing, where the key measurable parameters include the magnitude
and phase angle of voltage and current signals, as well as the system fre-
quency during disturbances, etc. Accurate extraction of these attributes
is crucial for identifying PSDs correctly.

Before the in-depth study, the causes of PSD, their effects, and types
were dealt with at the initial stage, as given in the following section.

1.2 Causes of Power System Disturbances

Switching on or off is very common phenomenon in power systems.
The switching operations are conducted when loads, generators, lines,
transformers, capacitor banks, reactors, etc. are required to be energized
or de-energized. Other than switching operations, a lightning stroke on
the line or adjacent object also induces a unipolar transient wave known
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as the impulse, which propagates along the line in both directions from
the point of strike .

Typically, transients are generated when there is a rapid change in
circuit conditions. These are summarized below.
□ Closing of a switch (electromechanical or solid-state)
□ Opening of a switch
□ Associated with Connection/Disconnection of an energy source, trans-
former, overhead line, cable or load to the circuit
□ Occurrence/Clearing of a circuit fault
□ Occurrence of lightning strike

Here, all the transients are electromagnetic in nature. Other than
these, any mechanical energy deviation occurring in rotating machines
integrated with the system also causes electromechanical transients
in the system.

1.3 Effects of Power System Disturbances

Initially, all feasible distorted signals were investigated, and their na-
tures were studied thoroughly. Around 90% disturbances are of short
duration, less than 1 second. One complete cycle or a more distorted
wave is specified by the rms value, and a wave less than one cycle is
expressed by its fundamental sinusoidal peak. power quality issues de-
pending on the duration and depth of disturbance, as stated in the IEEE
Standard 1159-2009 [2], are summarized in Table 1.1. In general, these
are classified into the following broad categories.

1.3.1 Sag

Voltage sags are a major source of power quality problems for the
electric power sector. It has been observed that voltage sag happens due
to the following reasons:
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Table 1.1: Category-wise probability of the major power quality distur-
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Figure 1.1: (a) Voltage sag due to sudden starting of large load (b)
Variation of RMS value of voltage at residential consumer node

• During fault
• When a large load or an induction motor is switched on and
• During energising of a transformer.
This observation has been made through MATLAB simulation, where a
single phase supply powers a 70.7 V, 200 W single-phase load. A large
load of 2500 W has been suddenly switched on and the RMS value has
been measured. The voltage sag and corresponding RMS value have
been shown in Figure 1.1. The sag voltage is numerically defined as

v(t) =

Vm sinωt for t ≤ t1 and t ≥ t2

αVm sinωt for t1 < t < t2

(1.1)

where, Vm is the maximum value of the voltage signal, α lies between 0.9
to 1.0, and the sag duration may be up to nine cycles. The numerically
generated waveform with the sag is shown in Figure 1.2(a).
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(a) (b)

(c)
(d)

Figure 1.2: Waveforms during (a) sag (b) swell (c) voltage fluctuation
(d) harmonics
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Table 1.2: Categories and characteristics of sag and swell

Categories Types Duration Magnitude 

Instantaneous Sag 
Swell 

 

Half cycle to 30 cycles 0.1 to 0.9 pu 
1.1 to 1.8 pu 

Momentary 
 

Sag 
Swell 

 

Up to 3 seconds 0.2 to 0.9 pu 
1.1 to 1.8 pu 

Temporary Sag 
Swell 

 

3 seconds to 1 minute 0.3 to 0.9 pu 
1.1 to 1.8 pu 

 

1.3.2 Swell

When a large load or power line is suddenly switched off, the node
voltage near this load gets increased for a short duration of time as
shown in Figure 1.2(b). This is termed as swell. When this increased
voltage lasts for a longer period, over voltage occurs. This overvoltage
is dangerous for system and equipment insulation. This swell is more
pronounced in the ungrounded or delta system. When a phase con-
ductor gets connected with the ground, the sudden voltage rise occurs
in unfaulted phases. In case of current interruption, a high voltage is
generated due to the inductive effect of the power circuit. To mitigate
such voltage swell dynamic voltage restorer (DVR) or constant voltage
transformer (CVT) are used. Depending on the duration, voltage sags
and swells are of three different types—instantaneous, momentary and
temporary—as summarized in Table 1.2.

1.3.3 Voltage fluctuation

Sometimes, the voltage at the load terminal systematically changes
for a certain duration. This is termed as voltage fluctuation. Its imme-
diate effect is the flickering of the light loads. It happens due to frequent
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Figure 1.3: (a) Distorted TRIAC current (b) Frequency contents

changes in active and reactive power consumed by large loads in the
system. A few sources responsible for voltage fluctuation are:
• arc furnace
• electric welding
• starting of large dynamic load

The voltage typically fluctuates from 0.1% to 7% of the nominal value
as given in Figure 1.2(c).

1.3.4 Harmonics

Harmonics is the major cause of power loss in power systems. The
presence of some non-linear loads like variable frequency drives (VFD),
UPS, battery chargers, etc harmonics current flows in the lines as shown
in Figure 1.2(d). The currents containing multiple frequencies or har-
monics lead to power losses in transmission lines and electrical equip-
ment. It also produces overheating of transformers. The TRIAC current
for a three-phase circuit is shown in Figure 1.3 (a) and its frequency
contents along with the fundamental component is shown in Figure 1.3
(b).
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Figure 1.4: DC offset voltage

1.3.5 DC offset

The inductances are being possessed by most of the power system
components. As a result, during any increase in current, whatever the
cause is, an opposing current is produced as per Faraday’s law of elec-
tromagnetic induction given by vi = L didt . this sudden increment of the
opposite current makes the sinusoidal current shift up or down depending
on the inception angle when the fault occurs. One numerically generated
such DC offset waveform has been shown in Figure 1.4.

1.3.6 Impulsive voltage

The switching operation is a very common phenomenon in power
systems. During the making or breaking of a circuit breaker (CB) a
short-duration transient voltage arises in the system due to the capacitive
effect of the different electrical equipment. This switching surge may last
for 1 to several milliseconds. The enlarged view of this surge voltage is
shown in Figure 1.5. This voltage is characterized by the rise time and
fall time.

1.3.7 Oscillation

When a circuit contains inductance and capacitance, for any switch-
ing operation, high transient surge voltage creates an oscillation of energy

9
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Figure 1.5: Impulsive voltage

Figure 1.6: Oscillation due to switching of nonlinear load

between these two elements. Here, in Figure 1.6, the non-linear load is
varied with the help of a switch. It is seen that the oscillation decays in
two cycles.

1.3.8 Notch

When current switches from one phase to another during regular
power electronic device operation in a power electronics-based circuit, a
short circuit occurs for a few microseconds, which results in a voltage
notch. This notching is periodic. Figure 1.7 shows the enlarged view of
the notch.
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Figure 1.7: Notches during power electronic device switching

1.3.9 Frequency variation

During a fault in a large transmission line, a sudden bulk load change,
or a power interruption due to unit outage, the frequency varies as shown
in Figure 1.8 (a).

1.3.10 Noise

During the measurement of any signal, an unwanted high-frequency
random signal gets superimposed on the actual measurement. The sources
that originate this noise, are power electronic devices, control circuits,
arcing equipment, loads with solid-state rectifiers, etc. Such noise is
shown in Figure 1.8 (b). This problem is mitigated using filters and
isolation transformers.

1.4 Types of Power System Disturbances

Here, some single power system events and some dual events that
cause PSD, have been investigated, along with their definitions.
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(a) (b)

Figure 1.8: (a) Frequency variation (b) Noise

1.4.1 Single Type Power System Disturbances

Any phenomenon in a power system causes voltage and/or current
distortion. For instance, for a power system as shown in Figure 1.9(a),
the voltage, current and power at location A change from one steady
state condition to another steady state condition for the line tripping
at location B. In this power system, the power flow through point A is
given by Equation (1.2).

pij = viiij (1.2)

The voltage waveforms at ith and jth nodes are vi =
√
2|Vi| sin 2πft

and vj =
√
2|Vj | sin(2πft−δ) respectively. The current flowing through

point A is iij =
√
2|Iij | sin(2πft− ϕ) which can be obtained using Iij =

Vi−Vj

Zij
. The phasor diagrams of all quantities at ith node before and after

the trip operation have been shown in Figure 1.9(b) and (c). Figure 1.9
(d) illustrates two sets of the voltage, current and power flow waveforms–
(vi1, ii1, pij1) and (vi2, ii2, pij2) for both the circuit conditions, i.e. the
conditions before and after the line trip at location B. The time taken
by the system to attain a steady state after the line trip is known as the
disturbance period. This disturbance time and the nature depend on
the type of the event. In Figure 1.9 (d), the irregular transient voltage
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Figure 1.9: Illustration of power system disturbance: (a) complete power
system with disturbance (b) Steady-state phasor at the location A before
the line tripping at B (c) Steady-state phasor at the same location after
the line tripping (d) Voltage, current and power transition from one state
to another state

13



Introduction

(vipsd), current (iipsd) and power flow (pipsd) have been shown in the
disturbance time zone.

1.4.1.1 Timeframe of different phenomena

The techniques for analysing different phenomena depend on the du-
ration for which the event persists, as given below.
□ Steady-State Phasor Analysis
1. Load Flow: more than 1 second
2. Fault: 0.02 second (1 cycle) to 10s of seconds
□ Transient Analysis
1. Lightning: 0.1 microsecond to 1 millisecond
2. Switching: 10 microseconds to 1 second
3. Power Electronics: microseconds to milliseconds
4. Transient Stability: 1 millisecond to 10 seconds

Though power system operations are stable, they are not static. The
operating condition continuously changes as loads, lines, transformers,
and capacitor banks are switched on or off. This change of state occurs
through transients known as switching transients. During this transient,
energy changes between capacitors and inductors and dissipates through
circuit resistances. These capacitances may comprise a capacitor bank
or stray capacitances formed in different power system components as
listed below. Three primary components in a power system—alternator,
transformer, and transmission line—exhibit stray capacitances, which,
along with the inductances, cause energy to oscillate between them dur-
ing any transient. Switching transients results in large variations of
current, voltage, and frequency. These are short-duration events with
frequencies between a few hundred Hz and kHz and damped in less than
half to one cycle [3]. Transient disturbances were recorded as waveform
data. Moreover, with widespread access to distributed generation and
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Figure 1.10: Stray capacitance of an alternator (a) all possible stray
capacitances formed (b) equivalent circuit connecting all stray capaci-
tances

the application of power electronic devices, disturbances are becoming
more complex. Therefore, waveform data are necessary for many power
system applications.

1.4.1.2 Stray capacitances

1.4.1.2.1 Generator stray capacitance: From the basic knowl-
edge of capacitance formation, the armature winding of any phase forms
an equivalent capacitance with neutral, and this is also a series-parallel
combination of five significant capacitances formed between different
conducting parts of the generator as shown in Figure 1.10 (a). Here, the
inner part and overhang parts of phase winding form capacitances with
the rotor and stator separately with different values Cwr,core, Cwr,ew,
Cws,core and Cws.ew. The stator frame also makes a capacitance with
the shaft across the bearing,Cb. The equivalent capacitive circuit has
been given in Figure 1.10 (b). The stray capacitance of the generator
Cgen is obtained using Equations (1.3) and (1.4).
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Figure 1.11: Stray capacitance for transformer. (a) all feasible stray
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for simplification; (c) simplified circuit to obtain equivalent stray capac-
itance.

CGen = (Cwr,core + Cwr,ew)||{(Cws,core + Cws.ew) in series with Cb}
(1.3)

CGen = Cwr,core + Cwr,ew +
(Cws,core + Cws.ew)Cb
Cws,core + Cws.ew + Cb

(1.4)

1.4.1.2.2 Transformer stray capacitance: Four conducting ter-
minals of two windings of each phase form six capacitances [4], as shown
in Figure 1.11 (a). Here, four terminals are 1, 2, 3 and 4. capacitance
between 1 and 2 is C12 and likewise, others have been symbolised. Fig-
ure 1.11 (b) and (c) shows the equivalent capacitive circuit. A star delta
conversion procedure has been applied to simplify the circuit. The capac-
itance between 1 and 4 terminals of the converted delta, C14′ is obtained
using Equation (1.5) and has been simplified using Equation (1.6).

1

C14′
=

1

C13
+

1

C34
+

1
C13

1
C34

1
C23

(1.5)

16



Introduction

C14′ is simplified as

C14′ =
C13C34

C34 + C13 + C23
(1.6)

Thus, the other delta-converted capacitances can be derived in the simi-
lar manner. The equivalent stray capacitance is obtained using a series-
parallel combination as given in Equations (1.7) and (1.8).

Ctrans = (C12 + C12′)||{(C14 + C14′) series with (C24 + C24′)} (1.7)

Ctrans = (C12 + C12′) +
(C14 + C14′)(C24 + C24′)

(C14 + C14′) + (C24 + C24′)
(1.8)

1.4.1.2.3 Line stray capacitance: Power lines are usually exposed
outside. Therefore, stray capacitance, commonly known as shunt capac-
itance, plays a major role during any transient and these stray capaci-
tances are distributed along the line.

For any switching ON/OFF or any line tripping, stray capacitance
(C), inductance (L) and line resistance (R) will form an oscillatory circuit
as shown in Figure 1.12 (a) where V0 and I0 are the initial conditions
of C and L, respectively. The total energy stored in the C and L (i.e.
0.5CV 2

0 +0.5LI20 ) is being dissipated through the resistance in the form
of heat. As shown in Figure 1.12(b), the resulting oscillatory current
and power dissipation continue until the circuit energy becomes zero.
The frequency of oscillation is determined by 1

2π
√
LC

. Figure 1.12 (c)
shows the corresponding energy states of C and L. If ts be the time
when oscillation vanishes, it is determined using Equation (1.10).∫ ts

0

p(t)dt = [EC(t)]t=0 + [EL(t)]t=0 (1.9)
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Figure 1.12: (a) Basic RLC oscillatory circuit (b) Circuit current and
power dissipation (c) energy state of the components

∫ ts

0

[i(t)]2Rdt = [EC(t)]t=0 + [EL(t)]t=0 (1.10)

1.4.1.3 Lightning Transient

During lightning, the emf induced in the line travels in both directions
from the point of strike. The frequency of occurrence of lightning has
been given in Figure 1.13 (a) as mentioned in [5]. It has also been
recorded that in 50% cases of lightning, peak current becomes more
than 45 kA. The maximum peak may reach up to 200 kA. The typical
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Figure 1.13: (a) Frequency of occurrence of lightning as per [5] (b) Stan-
dard characteristics of lightning impulse)

lightning strike rises to peak within 1-10µsec and decays to 50% of peak
within 20-100µsec as shown in Figure 1.13 (b).

1.4.1.4 Switching operations

1.4.1.4.1 Single capacitance switching: One of the most com-
mon switching events is capacitor switching [6]. Figure 1.14 (a) shows
a simplified capacitor switching circuit. The switching instant is a very
important factor. The magnitude of the oscillations depends upon the
difference between the source voltage and the initial capacitor voltage at
the instant of switching. This difference may vary from 0 to double of
the peak. At the time of switching, if the capacitor voltage is different
from the system voltage, the PCC voltage is pulled to the capacitor volt-
age, and an oscillation occurs until the capacitor charges to the system
voltage. The voltage across the capacitor after the switching is shown in
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Figure 1.14: Single capacitor switching event (a) switching circuit (b)
PCC voltage waveform for the initial capacitor voltage exactly equal to
source voltage (c) for the voltage difference of Vpeak (d) for the voltage
difference of 2Vpeak [6]

Equation (1.11).

vc(t) = vs − (vs − vc (0)) cosω0t (1.11)

where, ω0 = 1√
LsC

Here, three such instances have been studied. The nature of the
waveforms for three different initial values of the capacitor bank has
been studied. The waveforms are shown in Figure 1.14 (b), (c), and (d),
respectively.

1.4.1.4.2 Capacitor switching off: During switching off the ca-
pacitor, the sudden overvoltage in the system depends on the energy
stored at that instant. A significant voltage may appear at the PCC as
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Figure 1.15: PCC voltage during capacitor switching off

shown in Figure 1.15. If the capacitor is not fully discharged after the
switching off, it may produce high inrush current when the capacitor is
again brought back into service.

1.4.1.4.3 Circuit Breaker (CB) restriking during the switch-
ing off capacitor bank or no load line: Restriking in the circuit
breaker may take place following the peak of the supply voltage. There
will be a sudden arc current causing voltage stress on the capacitor bank
or the line. The repetition of such restriking causes this voltage to grow
three, five, seven times, and so on, the supply voltage, which is danger-
ous for insulation. In the Figure 1.16 (a), the capacitor voltage vc(t)
grows up to five times the supply voltage, and the arc current continues
to flow with high-frequency oscillations in the first couple of cycles. The
corresponding arc current iCB(t) is shown in Figure 1.16 (b).

1.4.1.4.4 Back-to-back capacitor switching: In back-to-back ca-
pacitor switching, a fast transient (in the range of kHz) is followed by
a slow transient (in the range of several hundreds of Hz) as shown in
Figure 1.17.
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Figure 1.16: (a) Voltage rise across the capacitor bank or line during CB
interruption (b) capacitor current interruption and restriking.
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Figure 1.17: PCC voltage and line current waveforms for back-to-back
capacitor switching
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Figure 1.18: Transient due to reactor switching

1.4.1.4.5 Reactor switching: The reactors are brought into cir-
cuits to protect the insulation from damage due to overvoltage during
lightly loaded or no-loaded conditions. When a shunt reactor is switched
on as shown in Figure 1.18(a), a high-frequency oscillation is superim-
posed with the power-frequency voltage as shown in Figure 1.18(b). The
frequency of oscillation is determined by the reactor and the line capac-
itance.

1.4.1.4.6 No load transformer de-energization: During deener-
gization of a transformer, if the magnetizing current suddenly falls to
zero, as shown in Figure 1.19(a), the energy stored in the winding oscil-
lates between the transformer-stray capacitance and inductance. This
may cause the winding current to oscillate and the initial voltage across
the primary winding to rise to four to seven times the supply voltage,
as shown in Figure 1.19(b). This may initiate CB-current to restrike a
couple of times.

1.4.1.4.7 Inrush current in transformer: At a steady-state on-
load condition, current through a transformer becomes ‘non-sinusoidal’
due to the non-linear nature of the magnetic property of the core in the
saturation zone Figure 1.20 (a). Also the transformer core is magnetized
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Figure 1.20: Non-linear steady-state current through transformer due
to core saturation (a) applied voltage, winding current, and core flux
waveforms (b) hysteresis loop.

and demagnetized in different paths due to the retentivity property of
the core material. This non-sinusoidal current wave injects harmonics
into the system. The B-H curve, as shown in Figure 1.20(b), depicts
how flux gets saturated with current increase. During de-energization,
the polarity of the remanence flux left in the core depends on the half of
the current waveform in which the switch has been made off.

1.4.1.4.8 Ferro-resonance: Another non-linear phenomenon of trans-
former core causing series resonance involving current dependent induc-
tance and line or cable capacitance is ferro-resonance. This effect is more
prominent when a distribution transformer is energized through a dis-
tribution cable that possesses high capacitance with ground or neutral.
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Figure 1.21: Occurrence of ferro-resonance due to maloperation of
switching of the transformer (a) current paths when R phase is con-
nected with Y and B phases opened (b) Equivalent circuit

This instant is given in Figure 1.21 (a). Inadvertently, this three-phase
transformer is operated in single-phase mode. Supposing that R phase
is connected and B and Y lines are open, the equivalent circuit can be
represented by two single-phase parallel circuits involving transformer
inductance and cable capacitances, as shown in Figure 1.21 (b).

1.4.1.5 Faults

Any component or few components in a zone may fall into a failed
state (i.e. fault state) due to natural disasters like lightning, external
factors like a tree branch falling, human errors or any equipment failure
[7]. These faults are broadly categorized as short-circuit faults and open-
circuit faults.

1.4.1.5.1 Shape of three-phase short circuit current: In a prac-
tical power system, resistance being negligible compared to the induc-
tance of the system, the dc component during transient becomes max-
imum if the voltage passes through zero value. In the Figure 1.22, the
fault current has been plotted for different inception angles.
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Figure 1.22: Wave shape variation of current for the variation of incep-
tion angle

1.4.1.5.2 High Impedance Fault: One of the most challenging
issues faced by power engineers in power distribution systems is high
impedance fault (HIF). In a few cases, the fault currents during this
fault are so small that the relaying system does not operate, especially
when the live conductor comes in contact with vegetation, asphalt, sand,
etc. However, its consequences may be highly dangerous. The damages
caused by the 2009 Victorian bushfires—a devastating one ignited by
this type of fault—made it clear how important it is to fix the issue.
The picture in Figure 1.23 shows its intensity.

This fault initiates when a live conductor is broken and comes in
close contact with the above-mentioned materials. Initially very small
fault current does not create any tripping. But, as time passes, the point
of contact gets heated up and the material, i.e. insulation degradation
starts. During the early stage, the current waveform takes a saw-tooth
wave shape, which contains mostly third harmonics compared to sec-
ond and fourth harmonics. Depending on the impurities and moisture
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Figure 1.23: Devastating bushfire caused by high impedance fault at
Victorian in 2009 [8]

.
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content of the surface material, the conductivity and impedance vary.
HIF current has a sequential time-varying wave pattern. In the build-
up phase, the current gradually increases and reaches to a steady value
in the shoulder region. This current is asymmetrical, and the degree
of asymmetry depends on humidity, impurities and porosity level, and
their variation in fault path for both cycles. Besides, due to resistivity
variations of different layers at the contact surface, this current becomes
non-linear. In the intermittent phase, the arc is extinguished and reig-
nition takes place. This causes discontinuity of current.
In Figure 1.24(a) , a laboratory-based experimental set has been shown,
where a bare conductor touches the partially wet soil. With 20 kV phase
voltage, a visible arc with a hissing sound was observed (shown in en-
larged view) in the same figure. The current waveform as mentioned
earlier at different instances, is shown in Figure 1.24 (b). A typical cir-
cuit model has been shown in Figure 1.25 (a). The positive and negative
half-current paths have two different breakdown voltages with two oppo-
sitely connected diodes. Also, two different resistances are connected in
these two paths. These two unequal resistances, along with DC opposing
voltage sources, produce an asymmetrical current wave and the presence
of diodes in the model makes its characteristic non-linear. Figure 1.25
(b) shows asymmetrical and non-linear current waves at two different
time stamps. The V-I characteristics obtained from the current waves
obtained at different time stamps, as shown in Figure 1.26 show how the
arc resistances, depicting the slopes of the characteristic curves in both
paths, are decreased as time passes. Besides, a small hysteresis effect is
observed, as shown in the inset of the same figure.

1.4.1.6 Electromechanical transients

A few mechanical issues associated with generators creating electrical
disturbances have been investigated in this study as given below.
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Figure 1.26: V-I characteristics of HIF.

• Turbine malfunction
• Shaft misalignment
• Bearing failure
• Rotor mass imbalance

1.4.2 Multiple Type Power System Disturbances

The possibility of two or more events cannot be ignored for the large
power network though the effect or magnitude of disturbance decreases if
the point of common coupling (PCC) is far from the point of occurrence.
But if two or more events occur simultaneously near the PCC, then their
effect has to be studied carefully.

To generalize, we may consider that a few events E1, E2, E3, ......En

occur near PCC and their responses on any of PCC quantities are f1(t),
f2(t), f3(t), ...... fn(t). Applying the Superposition theorem, the
resultant response can be obtained as the sum of all individual responses
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Figure 1.27: Resultant disturbance due to two simultaneous events (a)
PCC response for an event at B point (b) PCC response for another
event at C point (c) Resultant of both events

using Equation (1.12)

f(t) = f1(t) + f2(t) + f3(t) + ......+ fn(t) (1.12)

For example, as shown in Figure 1.9 (a), if two events—EB and EC

occur at two different locations, B and C, and at different instants of
time– tB and tC , respectively, the resultant response at PCC, fPCC(t)
is evaluated using Equation (1.13).

fPCC(t) = fB(t) + fC(t) (1.13)

Here, in the Figure 1.27(a) and (b), the responses at PCC due to
events at B and C, respectively, are shown. The resultant PCC response
has been given in Figure 1.27(c).
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The wave pattern in the disturbance period (tD) shown in Figure 1.9
(d) and Figure 1.27(c); and also the tD are two significant parameters
to be studied at the initial stage of investigation. In a classification
problem, the first important task is to define the events categorically as
per their severity and effects on the system. After going through all the
probable causes and their effects, a correlation table showing disturbance
patterns caused by any particular event has been prepared and presented
in Table 1.1. The tD may vary from a few nanoseconds to hours or more.

1.5 Importance of Identification of Power Sys-

tem Disturbances

In the previous section, all the power disturbances were discussed
and their probable causes were investigated. As mentioned, these dis-
turbances may arise due to the operations of the power system devices,
the normal utility operation, the fault clearing process, and the different
types of faults.
The detection of these disturbances and their mitigation are more con-
cern among the researchers because of the following adverse effects.
■ Metering accuracy gets affected.
■ Malfunction of protective relays.
■ Increased equipment downtime and decreased life expectancy result-
ing in loss of production.
■ Production of noise.

In this work, initially, this detection process has been carried out for
individual single events and then the same has been implemented after
the inclusion of a few multi-events.
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1.6 Difficulties of Identification of Power Sys-

tem Disturbances

After the deregulation of the power industry in many countries, a
modern power system can be said to be a network by which energy is
exchanged between two customers as shown in Figure 1.28. Environ-
mentally friendly generations are also encouraged to participate in the
energy market. Here, each entity acts as a customer. The generators
and consumers trade electric energy using the network. In the figure
both ways arrows indicate these power exchanges. Independent System
Operators (ISO) play a vital role in power and economy management in
such a complex network. As per the data published in [9], it is observed
that after 1995 the researchers have been working on the power quality,
and between 1995 and 2004,several papers have been published.

After the reformation of the power industry over the last few decades,
the relevance of distributed generator (DG) based isolated power systems
has significantly expanded [11]. To ensure smooth and reliable opera-
tion and the uninterrupted provision of high-quality power, it is essential
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to examine all the significant disturbances that occurred in power sys-
tem network. The detection and classification of all the power system
disturbances should be very fast and accurate to maintain the proper co-
ordination and restrict the maloperation of protective devices [12]. The
magnitude and phase angle of voltage and current signals, and the sys-
tem frequency during disturbance are the main measuring attributes of
this protection system. Therefore it is very much required to extract
the accurate attributes of a specific event to identify the power system
disturbances[13]. Fast detection and classification of the power system
disturbances are necessary to make the relaying system more responsive
and selective.

Along with the undesirable phenomena like different short circuit
faults, few very obvious events like switching, load changing, starting of
inductive loads and islanding have been considered in this work. For
all these undesirable and obvious events, the line currents, line voltage
and phase voltage get deviated from their normal wave shapes. This
necessitates the use of waveform acquisition arrangement. The acquired
waveforms are primarily the raw data to be used for the classification
of different events. Being the problem to be multiclass type, the con-
ventional time domain waveform analysis is not sufficient to detect the
exact class, as some of the waveforms belonging to the different classes
seem to be nearly identical.

Influenced by the recent research works on multi-classification prob-
lem in various fields, a few advanced classification techniques like Ma-
chine Learning (ML), Deep Learning (DL) have been introduced. In
subsequent sections of this thesis, the problems, hypothesis, solution
techniques, evaluation and finally conclusion have been made.

In [14], A. F. Bastos, et al, extracted novel information from the
current waveforms acquired by a monitor at a substation. The sampled
half-cycle data have been compared with the previous half-cycle data
and the similarity scores were recorded. These scores for different cycles
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Figure 1.29: (a) Cyclic plot of current waveforms for the disturbance
caused by sustained capacitor de-energisation (b) Novelty detection us-
ing current data [14]

were observed with an adaptive threshold. Novelty is observed when the
similarity scores exceed the threshold value. The challenge in this tech-
nique is to be misguided by multiple zero crossings in case of harmonic
distortion. This has been well avoided by considering only the funda-
mental component of the current waveform. When some novelties were
observed, the circuit current waveforms before and after the disturbance
varied as shown in Figure 1.29 (a). In this figure, the cyclic waveforms
of currents before and after the de-energisation of a capacitor have been
shown. Besides, in the Figure 1.29(b), a similarity score variation with
respect to cycle number has been shown.

P. Khetarpal, et al, in [15], considered nine single and seven dual
power quality disturbances (PQD) which were generated numerically.
The PQD signals were converted to image before they were passed through
the Gabor filter where convolution operations were carried out to extract
strong features. For deep learning (DL), the Softmax classifier has been
used. This model is also capable of identifying the initiating and ter-
minating instants of PQD. In addition to this, the authors tested the
model in a noisy environment.

In the article [16], nine single and seven dual PQDs have been gen-
erated numerically using MATLAB software. These PDQs have been
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Figure 1.30: (a) Sample waveform during sag (b) Time-frequency scalo-
gram for the sample disturbance using MST with optimum window size
[16]

classified using the decision tree (DT) method. For feature extraction,
the authors used multiresolution S-transform (MST) where the width of
the window function has been modified using an adjustment factor (σf )
given by Equation (1.14).

σf =
1

af b + c
(1.14)

The modified window function, (gmod) has been given by Equation (1.15)

gmod(t, f) =
σf√
2π
e

t2σ2
f

2 (1.15)

The Gaussian window depth,
(
σf = 1

|f |

)
is restricted by the Heisenberg

uncertainty principle where it is said that time and frequency resolution
cannot reach the optimum at a same time. Asag type disturbance and
its time-frequency scalogram as shown in the article [16] are depicted in
Figure 1.30(a) and (b), respectively.

In [17], the IEEE 13 bus system has been considered as a test system,
and one Photovoltaic and one wind power generation are connected with
PCC (i.e., node number 680). A total of nine disturbances (from C1 to
C9) were created in MATLAB Simulink as given in Table 1.3. Out of
these nine disturbances, C7, C8 and C9 may be assigned as dual events
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Table 1.3: Events due to switch ON/OFF of DGs

Code Event name
C1 Sudden connection of wind turbine
C2 Sudden outage of wind turbine
C3 Islanding of wind turbine
C4 Sudden PV plant connection
C5 Outage of PV plant
C6 PV plant islanding
C7 PV and wind both connected suddenly
C8 Simultaneous outage of PV and wind
C9 Islanding of both PV and wind

where two events occur simultaneously.

Classification task has been carried out using two different signal-
processing techniques-Variational Mode Decomposition (VMD) and De-
trended Fluctuation Analysis (DFA). The VMD followed by DFA makes
the classification accuracy better with less computational time. VMD
with optimal decomposition level, has been performed to filter out the
noise and extract the mode function which has been fed to the DFA
algorithm. This has been observed that these nine classes have been
divided into three sub-sets as shown in Figure 1.31 where 2-D scatter
plot between medium frequency range αm and small frequency range αs
has been prepared.

An alternative representation of disturbance signals using a Hilbert
Transform (HT)-based Mystery curve has been proposed in [18]. The
signal decoupling into its time-varying amplitude and phase has been
performed first as given by the flow chart in Figure 1.32. In this work,
seven single and two dual disturbances have been created numerically
and their Mystery curves (MC) have been shown, where each class of
disturbances is clearly distinguished. For illustration, the interruption
voltage signal and its respective 2D and 3D MCs are shown in Figure
1.33(a), (b) and (c), respectively.
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The authors in [19], emphasizes image processing rather than signal
processing. Initially, eight common disturbance signals (i.e., sag, swell,
interruption, flicker, transient, harmonics, notch and spike) were con-
verted to the grey images followed by three image enhancement techniques-
gamma correction, edge detection, and peak and valley detection. Using
a Random Forest (RF) classifier the Gini indices have been determined
and from then an optimal feature subset has been constructed using the
Sequence Forward Search (SFS) algorithm. Ultimately, the RF classifier
has been modelled with these feature subsets and the model was tested
in a noisy environment.

In [20], authors studied the impact of five wavelet and disturbance-
related factors on the disturbance detection accuracy. This study en-
abled the author to propose an effective model to detect the location
of disturbance efficiently. Three wavelet-related factors (i.e, function,
level and algorithm) and two disturbance-related factors (i.e, type and
intensity, and start and end moment) were chosen as prime factors. The
wavelet-based parameters were finally tuned to obtain maximum accu-
racy even in a noisy environment.

In the article [21], researchers have presented a different pattern of
power system disturbances, where a sequence of events has been consid-
ered and a classifier has been proposed. The results were validated us-
ing real-time data obtained from a laboratory-based experimental setup.
Initially, empirical mode decomposition (EMD) has been performed to
obtain intrinsic mode functions (IMF) and residues. These IMFs are
fed to the Gram-Schmidt orthogonal (GSO) algorithm to preserve sig-
nificant energy levels and residues. After performing this process for
all time series data, Hilbert transform (HT) has been applied to obtain
statistical features of the resulting transform. Ultimately, least square
support vector machines (LSSVM) machine learning algorithm has been
applied to detect the sequence of events present in the acquired signal.

Authors in [22], addressed eight distinct disturbances and nine com-
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Figure 1.34: Flowchart describing the methodology

posite disturbances. A time-frequency scalogram has been created using
the Stockwell transform (ST) to extract a few meaningful features. Ker-
nel extreme learning machine (KELM) has been used to classify the
disturbances. The parameters of KELM have been tuned using an im-
proved grey wolf optimization (IGWO) technique. The flowchart of the
algorithm is shown in Figure 1.34.

A total of 37 disturbances have been considered in [23]. Out of these,
8 very common single disturbances, 13 double, 12 triple and 4 quadruple
type disturbances have been taken. The signals have been converted to
RGB images using ST. The 227 × 227 × 3input has been fed to a Deep
Neural Network having five convolution layers, three pooling layers, two
fully connected layers and one output layer. Besides, two activation
layers have been used to filter out unwanted data mapping. These are
the rectified linear unit (ReLU) and Softmax activation layer.

The researchers in [24], have thoroughly studied all kinds of feeder
short circuit faults in the presence of high impedance. They simulated a
six-feeder radial distribution system using MATLAB, and currents were
collected from all three phases. The probabilistic distribution of energies
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in all three phases determines the location and type of high-impedance
faults. For this purpose, the wavelet transform has been carried out for
all three-phase current signals, which provides approximate and detailed
coefficients to construct a wavelet matrix (W ) of size (L+1)×N , where
L and N are the levels of decomposition and data points, respectively.
This W is formed by calculating the power spectral density (PSDW ),
which has been obtained using Equations (1.16) and (1.17).

V ar(X1) =
1

N

N∑
i=1

(x1i − x̂1)
2 (1.16)

Cov(X1,X2) =
1

N

N∑
i=1

(x1i − x̂1) (x2i − x̂2) (1.17)

Here, X1 and X2 are first and second decomposed coefficient vectors and
x̂1 and x̂2 are the means of the respective coefficients.

The diagonal elements of the covariance matrix (i.e, diag(Ct =WTW ))
gives the energy densities of all coefficients. The average energy densities
and their distribution in all three phases identify the type and location
of the fault.

A straightforward fuzzy-based classification of different short circuit
faults was studied in [25]. A distribution system with a windfarm dis-
tributed generation has been simulated, and voltage and current signals
were fed to the proposed algorithm, where each signal is decomposed
using a wavelet to obtain approximate coefficients of voltage and cur-
rent signals. The ratio of these two approximate coefficients provides
impedance. These impedances have been fed to a fuzzy interface system
(FIS) to classify the fault. In this article, all different kinds of short
circuit faults for different loading conditions were extensively studied.
Besides, the effect of CT saturation has also been dealt with.
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Table 1.4: Camparative study of recently published articles on power
system disturbance

NumberRef.
S M

Origin Types Feature extraction
method

Classifier

[26] 10 - PSCAD
simulated

Faults EEMD+CNN LSTM

[15] 9 7 Nemerically
simulated

Distorted
waveform

Gabor filter guided Softmax

[16] 9 7 Nemerically
generated

Distorted
waveform

Multi-resolution
S-transform

DT

[17] 6 3
Matlab

Simulink
IEEE 13 bus

Event based
Variational Mode
Decomposition

(VMD)

DFA

[18] 7 2 Simulated
Signals

Distorted
waveform

Hilbert Transform
(HT)

MC

[19] 8 - Simulated
Signals

Distorted
waveform

Sequence Forward
Search (SFS)

RF

[20] 3 - Simulated
Signals

Distorted
waveform

Wavelet
+disturbance
impact factor

-

[21] 3 - Simulated
Signals

Sequence
of events

HT LSSVM

[22] 8 9 Nemerically
simulated

Distorted
waveform

ST IGWO-
KELM

[23] 8 28 Nemerically
simulated

Programable
ac generators

Stockwell
Transform

NN

[24] 10 -
Matlab

sumulated
six feeder

Short circuit
faults

WT PSD

[25] 10 -
Matlab

sumulated
six feeder

Short circuit
faults

WT FIS

[27] 8 - Practical Event based MTCDN DNN

[28] 10 - Practical +
simulated

Event-based MCEEMDAN
+CGAN

CNN

1.7 Scopes of the Thesis

All these cited articles have been brought together as tabulated in
Table 1.4 to compare one with the others and to search the scope and
opportunities in this field.

N.B: S: Single event and M: Multi-events
After an extensive review, the following work opportunities have been

identified.

• It has been noted that all feasible events have not been considered.
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Figure 1.35: Four major sections for any disturbance classification [30]

• In most of the reviewed articles, it was observed that the authors
created disturbances either numerically [14] -[16] or by introduc-
ing faults into simulated circuits [17], [19], [20], [22], [24] and [25].
Although simulation results were validated with real-time experi-
mental results in [18], [21] and [23], none of the studies considered
all feasible disturbances separately.

• Measurement errors have not been included in the study. These
errors may appear from sensors or measuring devices.

• Most of the existing works primarily emphasise on the shape and
characteristics of the distorted waveforms rather than identifying
the root causes. However, pinpointing the root cause of the wave-
form distortion is essential, as it allows far quicker restoration of
the system by addressing and eliminating the underlying distur-
bances.

After a few recent papers being reviewed, it has been seen that starting
from sensing the power system quantities to the detection, the whole
process comprises four major sections as shown in Figure 1.35. These
are the Data Acquisition System (DAS), Data Processing (DP), Feature
Extraction Process (EEP), and Classification Process (CP).

The distorted current and voltage signals have been sensed and tracked
using the data acquisition arrangement (DAA). The raw signal contains
noise in the form of high-frequency transients, errors caused by non-
linearity in the response of sensors, and unpredictable behaviour of the
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power system. Hence, the detection of the actual shape of the distur-
bance waveform should be identified initially to detect every disturbance
accurately.

The extensive use of power electronic controllers and devices by the
generation, distribution, and load causes power quality issues to arise.
The voltage and current waveforms at the point of common coupling
(PCC) get distorted [29].

The contamination level on an outdoor insulator was recognised using
a customized convolution neural network (CNN) model in [31]. Four
different classes of contamination levels were chosen for classification.

Authors in [32] gave an idea of monitoring salt decomposition levels
on an insulator surface, considering leakage current. They investigated
time-frequency information obtained using wavelet transform for identi-
fying surface conditions.

Pollution severity towards the occurrence of flash-overs was investi-
gated using a CNN-BILSTM-based machine learning technique applied
to infrared thermal (IRT) images of disc-type porcelain insulators [33].

Authors in [34] successfully proposed a KNN-based model using the
EEG database of a hospital to predict the epilepsy of the patients. In
this work, the statistical data of EEG waves have been taken as features.

In [35], the emotion of a person was recognized using a 3D-MLP-
based neural network. The network was trained by EEG data of 23
people.

In [36] a novel method has been proposed for detecting Parkinson’s
Disease. The speech signals of patients were transformed into time-
frequency information using wavelet synchro-squeezing transform to ob-
tain the features. Finally, a Support Vector Machine (SVM) with a
gradient boosting method-based model has been used for the classifica-
tion.

The paper [37] proposed a multidimensional data space to quantify
a particular disturbance by a deviation measure. A field programmable
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gate array (FPGA) device was used to implement the proposed method.
The deviation measure as an index quantifies the nature of the distur-
bance.

In [38], the authors generated the disturbance signals using formu-
lae prescribed in IEEE std. 1159-2009 then applied the cross Stockwell
transform on disturbance signals to obtain a time-frequency 2D image.
In this process, the noises are reduced automatically. The deep features
were taken from the outputs of four benchmark convolution Neural Net-
works, i.e. AlexNet, VggNet, ResNet and GoogleNet. Then Transfer
Learning (TL) has been applied. Three advanced classifiers, i.e. Random
Forest (RF), Support Vector Machine (SVM and k-nearest neighbours
(KNN) were chosen and the performances were investigated.

The author in [11] predicted the future development in power distri-
bution and proposed a decentralized power generation and management
scheme. Accordingly, an overall concept of Distributed Generation (DG)
technology has been delivered. Along with the advantages, a few prob-
lems have also been discussed.

A systematic review of a large number of articles was studied in [12]
with the aim of establishing the research challenges in respect of the
detection and classification of power quality disturbances in real-time
microgrids.

In the article [13], the computational complexity associated with
the conventional protection relay was mentioned and a novel algorithm
known as mathematical morphology (MM) has been implemented to ex-
tract the shape-based characteristics of the signal for the detection of
system abnormalities.

IEEE Recommended Practice for Monitoring Electric Power Quality,
IEEE Standard 1159-2019, 2019.

In [39], more than 150 papers have been examined, and a few machine
learning techniques have been suggested to automatically classify the
power quality events. The presented methods have also been tested in
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the noisy environment.

The usage of power electronic devices has expanded due to significant
changes in the power system market, and this enhanced the amount of
power used [40]. The need for green energy is felt globally, and the future
of the smart grid. The inclusion of renewable energy sources into the
distribution grid is the prime focus of today’s utility companies. With
the growing complexity of the power system, power utility companies
are always expected to supply quality power. Any deviation of any of
the power system quantities is called Power Quality Disturbance (PQD)
[41]. These disturbances may result in failure of the system even total
blackout. As a remedy, consumers are forced to install an Uninterrupted
Power Supply (UPS), which is costly when the rating is too high.

The extensive use of power electronic devices, the integration of re-
newable energy sources, and their solid-state control devices produce
harmonics in the system. It increases loss in the line, overheating of the
connected equipment, and reduces equipment life span [42].

Besides, line faults, equipment faults and switching of compensating
devices may also cause voltage sag, swell, flickering, impulse, unbalanc-
ing, etc.

In the last three decades, the remedies for these disturbances have
been a growing concern for power researchers all over the world [43], [44].

Monitoring these aforesaid disturbances is a very tedious job. The
measurement of all quantities and their analysis during any disturbance
caused by sudden load change line or unit contingency makes the moni-
toring process complicated. With the advancement of high-end sensors,
researchers are optimistic about measuring and recording the required
quantities and are looking for smart tools and methodologies for a better
understanding of system conditions that produce disturbances [45], [46],
[47], [48], [49] and [50].
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Single events

Multiple events included

Figure 1.36: Overall work flow

1.7.1 Contributions of the present study in relation
to the single power system events

After the scopes and opportunities had been sorted out, initially a
laboratory-based experimental setup was prepared, where step by step a
total of fifteen single events were conducted. The works with the single
events have been depicted in Figure 1.36 by green hatched colour.

With the advancement of work, a few multi-event cases were consid-
ered and also a few more single-event cases, which are very common for
the modern distribution system, have been included. These are depicted
in the same figure using red hatched colour. Each column in Figure 1.36
signifies an independent research work. A total of eight outcome-based
works have been carried out throughout the tenure. These have been
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presented in subsequent chapters.

1.7.2 Contributions of the present study in relation
to the multi-event cases

The presence of EV charging stations, sudden tripping of IM, abrupt
load changes, scheduled and unscheduled islanding operations etc. in-
creases the probability of multi-event occurrences. Therefore, in the
latter stages of the work, a few multi-event phenomena have been added
to the previously concluded single-event occurrences. With the increase
in the number of categories, more advanced techniques were adopted
for efficient classification. Even a few state-of-the-art techniques used in
other fields have also been reviewed and applied to this field.

1.8 Organization of Thesis

This thesis has been organized in the following sequence:

Chapter 2 presents the experimental setup used to simulate and
analyse power system disturbance events. It begins with an overview of
the experimental arrangement, detailing the main power circuit, disturbance-
creating mechanisms and the data acquisition unit. It further explains
the generation of various disturbance events, including both single and
dual disturbance types, which are critical for testing the reliability and
response of power systems. These simulated scenarios help in under-
standing system weaknesses and improving monitoring strategies. The
chapter concludes by summarising key observations from the generated
disturbance events and their significance in power system research and
development.

Chapter 3 focuses on the identification and classification of sin-
gle power system disturbance (PSD) events using advanced signal pro-
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cessing and machine learning techniques. It introduces three major
approaches: DFA-based 1-NN robust classification, CWT-guided cus-
tomized AlexNet CNN and mathematical morphology-based PCA-aided
SVM. Each method includes detailed methodologies such as signal fil-
tration, feature extraction, dimensionality reduction and classification.
The chapter presents comparative results and discussions based on per-
formance metrics and output data. Limitations of each method are also
analysed. Overall, the chapter offers comprehensive insights into auto-
mated single PSD identification to enhance the accuracy and reliability
of power system monitoring.

Chapter 4 explores the classification and identification of multiple
power system disturbance (PSD) events using advanced deep learning
and signal processing techniques. It begins with a CNN-aided tailored
BiLSTM model that processes time-series data through feature extrac-
tion and classification stages. A second method employs recurrence plots
with customised CNNs for visual and quantitative analysis of distur-
bances. The third approach integrates DWT, DFA and RQA features
with UMAP for dimensionality reduction and visualisation. Each tech-
nique is thoroughly evaluated through performance metrics, comparisons
with benchmark methods and robustness in noisy conditions. The chap-
ter highlights the effectiveness of these models in multi-event PSD iden-
tification. In the concluding chapter, the overall work summary and its
future scopes have been dealt with.

1.9 Originality of the Thesis

To the best of the author’s knowledge, the following are the contri-
butions that prove the originality of the work.

1. Design and development of a prototype experimental setup for gen-
erating both single and mixed power system disturbance events.
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2. Designing robust machine learning and deep learning models for
identifying commonly occurring distinct power system disturbances.
As an outcome, four AI-based models — KNN, 1NN, CNN, and
SVM — were developed.

3. Development of AI-based deep learning algorithms such as CNN-
based BiLSTM and RP-based customised CNN for classification.
These models are capable of classifying mixed disturbance cate-
gories with improved accuracy.

4. Development of a 2D data visualisation model for classifying mixed
disturbance categories. A tuned UMAP model was employed to
effectively cluster different classes in a 2D plot for better interpre-
tation and understanding.
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CHAPTER 2

Experimental Arrangement and
Power System Disturbance Event

Generation

2.1 Introduction

In the previous chapter, all commonly occurring power system events
have been studied theoretically. Besides, a few articles have been re-
viewed thoroughly for finding out the recent trends in power systems,
specially in the field of distribution protection. To proceed further with
this knowledge, a laboratory-based experimental setup has been pre-
pared to produce the disturbance-creating events as much as possible.
This experimental setup has been modified over time by adding more
disturbance-creating events, and the number of categories has been in-
creased. In the following sections, this setup has been described, and the
procedure of all event creation has been mentioned.
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2.1.1 Experimental Arrangement for Generation of
Power System Disturbance Events

The whole circuit has three major parts: the main power circuit
(MPC), data acquisition system (DAS) and disturbance-creating ar-
rangements (DCA).

2.1.1.1 Main power circuit

A 4-pole three-phase alternator has been used as a DG, and it has
been operated by a separately excited DC motor of the same power
rating. The ratings of all main circuit components are given in Table 2.1.
Other than the prime-mover generator set, the power circuit comprises
of resistive loads, inductive loads, capacitor banks, EV battery charging
arrangements, a three-phase induction motor, a solid-state relay (SSR)
and a grid-synchronisation arrangement. The complete circuit diagram
has been shown in Figure 2.1. For stable operation of the DG, the
rotational speed is kept constant at 1500 rpm by controlling the armature
voltage of the DC motor, resulting in an output frequency of 50 Hz. A
field exciter has been adjusted manually to maintain the terminal voltage
of the DG by supplying the required VAR to the connected load. The
main bus and DG bus have been synchronised using two bright and one
dark lamp method. An extended common bus has been provided for
connecting different types of loads, switching capacitor banks, charging
batteries, and creating faults with the help of semi-automated solid-
state relays (SSR). Initially starting from very few common switching
and faults and then gradually increasing their variations, 25 different
classes of events have been produced.
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Table 2.1: Components Used in Hardware Setup

Components Range / Ratings

Alternator 3 Ph, 50 Hz, 1500 rpm, 415 V, 1 kW

Exciter I/P : 230 V, 50 Hz O/P : 220V dc

DC Motor 3 Ph, 220 V, 1500 rpm, 3 hp

DC Power Supply I/P: 230 V, 1 ph, 50 Hz O/P: i) 220 V
dc Excitation to the motor field ii) 220
V dc armature supply

Main Bus 50 Hz, 3 ph, Line Voltage = 415 V,
Phase Voltage = 240 V

Grid 415 V, 50 Hz

Induction Motor (Local
load)

3 Ph, 50 Hz, 1425 rpm, 415 V, 3 hp
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Figure 2.1: The composite circuit diagram

2.1.1.2 Disturbance-creating arrangements

Based on the considered category of PSD, the components, along with
the semi-automated solid-state switching circuit, have been assembled
and connected to the point of common coupling (PCC). The switching
circuit comprises
• 25 A, Input: 4-32 VDC (4-16mA), PIV 800V, SSR
• Time delay circuit with push-to-on switch, and
• 9 V DC source.

2.1.1.3 Data Acquisition Unit

An electrically isolated Data Acquisition System (DAS) with ratings
provided in Table 2.2 has been developed to acquire the phase voltage
and line current sensed through the Potential Transformer (PT) and
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Table 2.2: DAS Ratings

SL No. Items Range/Rating
1 PT 231/55 V, 1 kVA
2 CT 10/5 A, 5 VA
3 DSO GDS-1022, 25 MHz, 250 M Sa/s
4 Burden 5 A, 10 Ohms

DSO output Motor-generator set Induction Motor

Two bright and one dark lamp

method of synchronization

Data Acquisition System

Prime-mover 

controller

CT
PT

Generator
DC Motor

Figure 2.2: A complete hardware setup for PSD creation

Current Transformer (CT), respectively. The PT secondary has been
directly fed to one channel of the digital storage oscilloscope (DSO),
and the CT secondary has been shorted by a burden across which the
other channel of the DSO has been connected. In this way, the acquired
signals have been visually displayed on the DSO for their acceptability
and recorded simultaneously in the hardware memory for further use.
A complete hardware setup has been shown in Figure 2.2, where the
enlarged views of all the major parts are adjacent to the main hardware
circuit.
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2.1.2 Generation of Different Power System Distur-
bance Events

At the initial stage of the work, only very few commonly occurring
disturbances, as given in Table 2.3 have been created. As the research
progresses, more feasible power system disturbances have been taken into
account. This study has been conducted considering two different broad
categorical classes–single power system disturbance events and mixed
(single and dual) power system disturbance events.

2.1.2.1 Single Power System Disturbance Events

At the first stage, only six disturbance events comprising basic switch-
ing operations and faults have been considered as given in Table 2.3. The
procedures are described below.

• PSD 1: Capacitance Switching
A three-phase star-connected capacitor bank has been formed using six
identical 36 µF , 415 V, 1.95 VAR capacitors. Series and parallel com-
binations of two capacitors in each phase have been considered for the
variation of VAR rating. Several case studies for this category have been
executed under different loading conditions with variable RL load and
induction motor. As mentioned in Table 2.3, the number of events could
not be possible to take beyond 52 due to voltage instability issues at the
PCC.

• PSD 2: Line to Line Fault
Before the switching operation is performed, a 100-ohm rheostat is brought
in series with the SSR switch to ensure that the short circuit current does
not cross double the DG current rating and also does not flow for more
than 0.5 sec. In this way, the fault has been created for no load, static
load, and induction motor loading conditions. Keeping the short circuit
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current within the limit, 59 events have been possible to perform.

• PSD 3: Line-Line to Ground Fault
The connection has been kept as before with a series path comprising
the combination of SSR and a rheostat that has been solidly fixed with
common ground. A total of 100 cases were considered.

• PSD 4: Three-Phase Fault at no load
More than 100 cases were performed, keeping the voltage around 50%
of the rated value. As the system is in a balanced condition, winding
currents are easily anticipated. Three SSRs were connected in three con-
ductors with a fault point resistance.

• PSD 5: Reactor Switching
Owing to the limited availability of the reactor coils, only 51 cases were
generated.

• PSD 6: Sudden Load Change
The DG has been operated in isolated mode, and a three-phase induction
motor has been connected to the PCC. The mechanical load on the
induction motor (IM) has been varied. Not more than 47 events have
been performed due to the motor halt at high load.

In the latter stages, more categories were included, keeping in view
that in a practical grid-connected distribution system, the possibility of
other classes occurring is very frequent, which cannot be ignored. Table
2.4, includes other considered categories, among which three categories
have been further subdivided depending on the circuit conditions. A
brief procedural step is described below.

• PSD 7: Single Line to Ground Fault
During a single-line to ground fault, a medium resistance is always kept
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Table 2.3: Six commonly occurring power system disturbance events

Serial ID PSD classes No. of
Events

Limitations

PSD1 Capacitance
Switching

52
Voltage instability
restricts large number
of capacitors

PSD2 Line to Line Fault 59

The fault current has
been kept within the
rating of DG
winding

PSD3 Line-Line to
Ground Fault

100

Enough readings have
been taken due to
presence
of neutral path

PSD4 Three-Phase
Fault at no load

103

Readings were taken
satisfactorily.
keeping the terminal
voltage 50% of rated

PSD5 Reactor Switching 51
Less number of readings
due to unavailability of
enough reactor

PSD6 Sudden Load Change 47

Induction motor loading
could not be possible
beyond the limit to
avoid halt
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in the fault path to limit the fault current. Due to thermal stress on the
measuring and DG winding, a large number of events could not be taken.

• PSD 8: Single-Phasing
This is a very common open-type fault with only one phase getting dis-
connected. In the case of single-phasing, one SSR has been connected to
one of the phase conductors and operated in reverse mode (i.e., push to
make switching off). More than 100 case studies have easily been taken.

• PSD 9: Mechanical input power interruption
Mechanical input power to the shaft may be interrupted when the steam
valve malfunctions, fuel input gets interrupted, or turbine blades break.
This input interruption has been carried out by controlling the armature
voltage of the DC motor using a regulator.

• PSD 10: High Impedance Fault
One of the most challenging tasks was conducting high impedance faults
(HIF). As discussed in Chapter1, Section 1.4.1.5.2, HIF occurs when
any of the line conductors touches the ground in different circumstances.
This may happen when any object other than pure wet soil comes in be-
tween the ground and a live conductor of an overhead line. In the case
of cable, due to partial damage to insulation, a small leakage current
enters into the ground through the fault point. Depending on the object
present at the fault point and its hygroscopic condition, the fault cur-
rent is of very low magnitude. It is also associated with frequent weak
arcs, resulting in nonlinearity in the current wave. Due to its diverse
characteristics, detection is a challenging task. Still, its early detection
is highly recommended for power system protection.
The DG terminal voltage is stepped up to the range of tens of kilovolts,
and the live conductor of any phase has been made to touch a few objects
on the earth’s surface as shown in the circuit diagram in Figure 2.3. As

59



Experimental Arrangement and Power System Disturbance Event
Generation

Table 2.4: Other possible power system disturbance events

Serial ID Categories Sub-categories No.
of events

• With isolated
neutral

53

PSD 7 Single line to ground
(SLG) fault • With neutral

grounded
43

PSD 8 Single phasing - 102

PSD 9 Input mechanical
power interruption

- 100

PSD 10 High impedance
fault (IIIF)

- 200

PSD 11 EV battery charging - 101

PSD 12 Induction motor
starting

- 102

PSD 13 Non-linear load - 102
• With Generation
greater than load

54

• With Generation
less than load

60
PSD 14 Islanding Operation

• With Generation
equal to load

101

• At no load 103
• With resistive

load
103

PSD 15 Three phase fault
• With RL load 103
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Figure 2.3: Circuit arrangement for HIF

specimens, the most commonly known objects, as shown in Figure 2.4
like wet leaf, dry leaf, sand, stone, soil, twig, etc., have been taken as
the medium at the fault point for the HIF test in the laboratory.

• PSD 11:EV battery charging
Another important event that is very much concerned about the sustain-
ability of the green transportation system. The provision for charging
EV batteries at different nodes in a distribution system is highly recom-
mended. Keeping these issues to be brought into the system, a battery
with a charge controller has been connected through an SSR with a phase
of the DG.

• PSD 12: Induction motor starting
An induction motor has been connected to the three phases of DG with
three SSRs. With the help of a semi-automated switch, the motor has
been started at different loads. This enables to take 102 readings.

• PSD 13: Non-linear load
A three-phase AC voltage regulator with a TRAIC switch has been con-
nected to the power line to control a dimmer circuit. At different firing
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(a)

(b)

(c) (d)

Figure 2.4: Experiment on HIF performed in the laboratory for different
objects (a) Live broken conductor falling on soil producing arc (b) Full
setup with green twig (c) HIF for Stones (d) HIF for dry leaves
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Figure 2.5: Power flow before islanding operation

angles and different load conditions, 103 events were successfully taken.

• PSD 14: Islanding operation
Before the islanding operation was performed, the DG was synchronized
with the main grid using the conventional two bright and one dark lamp
method. The following three conditions were set before the islanding
operation with the power flows shown in Figure 2.5.
Condition 1: Generation (PDG)= connected load (PL); hence, Pgrid=0

Condition 2: Generation > load connected; hence, PGRID=PDG-PL
Condition 3: Generation < load connected; hence, PGRID=PL-PDG
Maintaining these three conditions, islanding operations were performed
for different loading conditions. In all cases, power was noted using the
two−wattmeter method to ensure the above conditions. A total of 300
sets of voltage and current signals were recorded.

• PSD 15: Three-phase fault for different power factors
At the initial stage of the study, a three-phase fault was conducted at no
load only. However, two more categories were added later, taking two
more load conditions—resistive load and inductive load.
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Table 2.5: Considered dual power system disturbance event cases in the
study

Serial ID Categories No. of events
PSD 16 Islanding and EV charging 100
PSD 17 Islanding and load-shedding 102
PSD 18 Islanding and motor starting 103
PSD 19 Islanding and open circuit 102
PSD 20 Islanding and single phasing 102

2.1.2.2 Dual Power System Disturbance Events

As the research work progressed, the concept of dual events was
brought into the study. This necessitated the data generation by creating
two events simultaneously or one after another.

In all the dual events that have been considered here, the islanding
operation has been taken as the common event, and five different events,
which are not so dangerous unlike faults, have been associated with is-
landing to avoid any thermal breakdown and overcurrent for a longer
period. These five dual events and their number of cases are given in
Table 2.5.

• PSD 16: Islanding and EV charging
Initially the DG has been synchronised with the common grid and a nor-
mal operation was carried out. Suddenly, the islanding has been created
using SSR, and the EV battery has been connected using another SSR
to the PCC. These two events have been created randomly at the same
instant or one after another, with microseconds time lag.

• PSD 17: Islanding and Load Shedding
As load shedding is a very usual power system practice when generation
is less than the load demand, this event has been merged with the is-
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landing operations.

• PSD 18: Islanding and Motor Starting
During large motor starting, a high load current flows through the line.
This requires intentional or non-intentional grid synchronisation and/or
islanding operations. These operations have been created randomly, and
103 readings were taken.

• PSD 19: Islanding and Open Circuit
The most common occurrences in power systems are the opening of phase
conductors with a bus, which results from tripping a faulty line or in-
tentional opening because of routine maintenance.

• PSD 20: Islanding and Single Phasing
The single phasing is very common when any of the phase conductors
gets disconnected, keeping the other phases in a healthy condition. In
this study, this event has been merged with the islanding operation.

2.2 Conclusions

The experimental setup simulates and records power system distur-
bances using a combined motor-generator system with a Data Acquisi-
tion System (DAS). It allows controlled creation of faults and transients,
which are useful for training and testing algorithms that classify distur-
bances. The collected data helps in identifying and categorizing different
types of power disturbances. This setup connects theoretical concepts
with practical testing. The data obtained here is also used in the follow-
ing chapters, which focus on the classification of power disturbances.

65



Single-event Disturbance Study

66



CHAPTER 3

Identification of Single Power System
Disturbances

3.1 Introduction

In the initial stage of the work, the most commonly occurring Power
System Disturbances (PSD) have been considered for their detection and
classification with the help of the K Nearest Neighbour (KNN)-based
Machine Learning (ML) technique. Experimentally created disturbance
signals have been processed using Discrete Wavelet Transform (DWT)
to obtain time and frequency domain information before they have been
fed to KNN-based classifiers. The switching, line faults and load change
have been chosen as root causes of disturbances. Later, another five
single-type power system disturbances were included. Initially, valuable
big data was filtered from the acquired signals using an unsupervised
k-means clustering technique, followed by feature extraction through de-
trended fluctuation analysis (DFA). The feature matrix was then reduced
by retaining only the most important principal components (PC) before
applying the 1-Nearest Neighbour (1-NN) supervised ML algorithm. As
the research progressed, more disturbances were taken into account, and
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the classification algorithm was modified. The proposed algorithms with
the increase of the single event disturbances have been presented in this
chapter. In all cases, the performances of the used algorithms were eval-
uated and compared to other benchmark ML algorithms. In addition,
the performance has also been examined in noisy environments.

3.2 Classification of Single PSD using DFA-

based 1-NN Robust method

Previously few papers on the detection methods of various types of
disturbances were published. In [51], the probabilistic approach in iden-
tifying the power system states was reported. George A et al [52] in
their paper, presented harmonic power flow in traction-fed data using
Fast Fourier Transform (FFT). In [53]-[54], power quality disturbances
were investigated using wavelet transform. In [55], fuzzy-based technique
to identify the types of disturbances has been applied. In [56], voltage
disturbances were detected using S-transform on the data obtained from
a Matlab-simulated transmission line model. In [57] authored by Gabor
et al, a modified wavelet transform was introduced to identify voltage
sags and swells. In [58], Hilbert Huang Transform (HHT) was used to
investigate voltage behaviour due to different types of faults. Kaewarsa
S et al in [59], successfully identified different faults in the simulated cir-
cuit using an artificial neural network (ANN) after the feature extraction
from signals applying S-transform. In the above mentioned papers, the
signals were taken from a simulation circuit. Though these signals are
completely validated by theoretical concepts, but are less challenging.
Whereas, signals recorded in our work were acquired from a real exper-
imental test setup via a data acquisition system (DAS). These signals
contain more noise. As a result, detection becomes more challenging.

The importance of distributed generator (DG)–based isolated power
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systems has significantly grown due to the advancement of the power
sector worldwide over the past few decades [60]. In this process of ad-
vancement, sensor technology, semiconductor switching technology, a lot
of infrastructural developments, etc. have come into regular operation in
power system network, which results in system operational complexity in
terms of protection and reliability [11] and [61]. As a result, several un-
wanted disturbances (i.e., power system disturbance (PSD)) may occur
in the power system, which usually may create different power quality
issues that may hamper the safe operation of the power system network.
Hence, the greater the system complexity, the more will be challenges
for power engineers and researchers to keep the power system safe, well
protected, and reliable [62] and [63]. In this context, several research
articles have reported different power quality issues related to power
system disturbances, such as islanding operations, switching, faults, etc.
[64]. In this situation, it is yet to be mentioned here that to ensure the
smooth and reliable operation of the power system and to deliver unin-
terrupted high-quality power, it is essential to smartly analyze all major
disturbances that occur within such networks. For effective coordination
and to prevent the malfunction of protective devices, the detection and
classification of PSDs must be both rapid and precise. The progress in
adaptive protection systems heavily relies on signal processing, where
the key measurable parameters include the magnitude and phase an-
gle of voltage and current signals, as well as the system frequency dur-
ing disturbances, etc. Accurate extraction of these attributes is crucial
for identifying PSDs correctly. In recent years, several algorithms have
been developed for this purpose, including multi-cycle waveform anal-
ysis, deep convolutional methods with classifiers, and multiresolution
decision tree-based approaches [65]. The use of modern algorithms such
as S-transform, wavelet transform, SVM, ANN, CNN, fuzzy logic and
their various hybrids, as well as complex combinations, has become in-
creasingly prevalent, particularly in tasks related to signal processing
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and classification for the detection and classification of several power
system related problems [65]. Besides, mechanical and electrical faults
of electric machines, like ball bearing faults and inter-turn faults, have
been studied, and their severity has been judged using health indices
and suitable machine learning algorithms [66]-[68]. In the field of power
systems, different advanced signal processing techniques have been used
to detect switching faults and power quality disturbances [69] and [70].
The initial step in any ML technique involves feature extraction from the
data. Various publications have employed wave-shape analysis, signal
processing, and Continuous Wavelet Transform (CWT)-based methods
for feature extraction [14],[71]. However, those techniques have some
potential limitations. The performance of the wavelet transform de-
grades with the noise. The S-transform has issues related to optimal
window size selection, and also its performance is inefficient in cases of
highly non-stationary signals. SVM may suffer due to overfitting ten-
dency, and others have computational time burden issues as well as lim-
ited interpretability. However, Detrended Fluctuation Analysis (DFA)
has become widely accepted for identifying long-range correlations in
noisy and non-stationary time series [72]-[75]. It is particularly useful
for analysing non-stationary signals due to its ability to remove trend-
related fluctuations. In the case of different PSDs, which can introduce
disturbances that are somewhat non-stationary in nature. In this work,
the DFA technique has been used as an analytical tool for the identifica-
tion of different features from the experimentally emulated different PSD
events. It should be mentioned here that DFA has proven effective across
various fields, including DNA sequence analysis, heart rate analysis, geo-
logical studies, ethnology, economic time-series investigation, solid-state
physics, etc. [73]. This work specifically focuses on the fast and robust
detection of common normal and abnormal operations in grid-connected
microgrid (MG) systems, adhering to IEC Standard 60909-0:2016 during
both the fabrication of the MG and the creation of relevant events [76].
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For this purpose, a series of experiments were conducted to emulate dif-
ferent PSD events, and accordingly, the corresponding signals have been
recorded for subsequent validation of the proposed method. It’s impor-
tant to note that PSDs can vary in nature, being either instantaneous,
momentary, or continuous, and may also differ in severity. The main aim
of this research section is to establish DFA as a robust tool for detect-
ing different PSDs. Hence, in this work, DFA has been used for feature
extraction from the recorded signals. Using DFA, subclasses are eas-
ily identified before the ML algorithm has been trained, unlike wavelet
packet decomposition (WPD) or empirical mode decomposition (EMD).
As all the disturbance signals of the MG network are non-stationary in
nature, that is why those signals can be analysed using DFA effectively.
Additionally, Principal Component Analysis (PCA) which is a popular
technique for the identification of useful features based on principal com-
ponents (PC), has been utilized to optimize memory usage and compu-
tational time by reducing the feature matrix [77]-[80]. For classification,
a simple yet robust 1-nearest neighbour (1-NN) supervised method has
been applied [81]. In this context, it should be mentioned here that ef-
forts have been made in this work to include the commonly prevalent
types of PSDs encountered in grid-connected MG systems. While the
method may appear straightforward, its effectiveness in identifying PSD
events has proven to be promising and comparable to the widely used
methods currently applied for similar purposes.

3.2.1 Methodology of Single Power System Distur-
bance Events Identification

A laboratory-based micro-grid system has been prepared with a Dis-
tributed Generator (DG) supplying all possible kinds of load and com-
pensating devices. The complete three-phase circuit diagram has been
shown in Figure 2.1 of Chapter 2, Section 2.1.1.1 and also the pictorial
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view of the whole experimental setup has been shown in Figure 2.2 of
Chapter 2, Section 2.1.1.1.

A total of 11 individual PSDs were generated by varying the circuit
conditions and the corresponding data has been stored at the PCC. Here,
the most commonly occurring normal (N) and faulty (F) events have
been considered. These power system disturbances (PSDs, from PSD1
to PSD11) are mentioned in Table 3.1. Among these, PSD4 and PSD11,
i.e., input mechanical power interruption and islanding operations occur
in the case of normal operation and during faults associated with the
prime-mover and main grid.

The number of events in each PSD category could not be made the
same. The number of switching (PSD1 and PSD6) and unbalanced fault
events could not be increased due to the restrictions on loading and
thermal stresses of the measuring instruments. All the acquired signals
have been normalised to bring all the acquired data within unity resulting
in uniformity among the data sets.

Each step has been depicted on the flow chart given in Figure 3.1.
The normalised signal data contains informative and non-informative
data. To filter out all non-informative data, each signal, known as the
mother signal (MS), is segmented into sixteen child signals (CS), shape
factors of each CS are calculated, and the k-mean clustering technique
has been applied. The informative child signals (info-CS) are stored and
added up to produce big data, which enables the classifier to be trained
accurately.

3.2.1.1 Informative child signal filtration

Here, the k-mean unsupervised binary clustering technique has been
used to filter out unwanted data points, and informative child signals
(CS) are accumulated to form big data (BD)[71] for DFA feature matrix
formation and classification. Big data generation serves two purposes in
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Table 3.1: Single power system disturbances

Category
code

Name Operational
Mode

PSD1 Capacitance switching N
PSD2 Line to line fault F

PSD3 Three phase fault with RL
load

F

PSD4 Input mechanical power
interruption

N/F

PSD5 Non-linear load N
PSD6 Reactor switching N

PSD7 Single line to ground fault
with isolated neutral

F

PSD8 Single line to ground fault
with neutral solidly grounded

F

PSD9 Sudden load variation N
PSD10 EV battery charging N
PSD11 Islanding operation N/F

** N: Normal, F: Fault

Signal segmentation; Formation of Child signals

Feature extraction

Clustering of Informative child signals and big data generation

Dimensionality reduction by PCA

1-NN machine learning

Performance evaluation

DFA of each big data signal DFA based feature matrix formation

Event generation Signal aquisition Normalization

Figure 3.1: Step-by-step procedure of the whole process
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Figure 3.2: Child signal generation and their feature extraction

this study: to strengthen the input database and to provide a uniform
number of data for each class of disturbance. This clustering technique
has been applied to process the normalised raw signals and does not
affect the main classification algorithm.

Each mother signal (MS) is divided into n child signals (CS) of w
window-size as given in Equations (3.1) and (3.2) as presented in Fig-
ure 3.2 [71].

XMS ∈ [XCS,1, XCS,2, ....., XCS,n] (3.1)

XMS ∈ [XCS,informative, XCS,non−informative] (3.2)

For the ith child signal (CSi), its data XCS,i=[x1 x2 · · · xw]T are used to
obtain statistical characteristics–rms value, peak value and shape factor
(SF)–as given in Equations (3.3), (3.4) and (3.5). The feature matrix
comprising these factors is used for the clustering process. The algorithm
has been given in Table 3.2.

Xrms,i =

√√√√ 1

w

w∑
k=1

x2k (3.3)
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Table 3.2: Algorithm for informative child signals accumulation

Input: All mother signals
Output: Informative child signals
1. for loop j=1:1100

2. for loop i=1:n
Get features [Xrms,i Xavg,i XSF,i] using Equations (3.3), (3.4) and

(3.5)
end loop 2.

Unsupervised binary k-mean clustering
end loop 1.
Accumulate all informative child signals

Xavg,i =
1

w

w∑
k=1

xk (3.4)

XSF,i =
Xrms,i

Xavg,i
(3.5)

All informative child signals from all the recorded signals are accu-
mulated to form Big Data (BD).

3.2.1.2 Detrended Fluctuation Analysis-based Feature Extrac-
tion

Detrended fluctuation analysis (DFA) has been carried out for each
accumulated informative child signal to characterise the pattern of the
signals in different categories. The fluctuation pattern across the window
has been represented by three different frequency zone components as
given in Table 3.3.

For a signal with data points, X, the trending profile at any point k is
given by Equation (3.6)[72][73]. The actual signal x(k) and its trending
profile y(k) have been clearly shown in Figure 3.3.
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Actual signal x(k) Trending profile y(k)

n n n n n N
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Figure 3.3: Processing of actual signal using DFA

y(k) =

k∑
i=1

[x(i)− x̂] (3.6)

As shown in Figure 3.3, the profile y(k) has been divided into s number of
non-overlapping windows of size n, so that the nearest integer of (N/n)
is s and (n × s) ≤ N . The mean square fluctuation for mth window
z(n,m) is given by Equation (3.7)

z(n,m) =
1

n

s∑
m=1

n∑
i=1

yi,m (3.7)

The RMS for a particular window size, n is calculated using Equation
(3.8).

F (n) =

√√√√ s∑
m=1

z(n,m) (3.8)

In DFA, the RMS value of the trending function F (n) is expressed
in terms of the power of window size n. Then taking loge on both sides,
the equation can be made linear as given in Equation (3.10) [72][73].

F (n) ∝ nα (3.9)
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Figure 3.4: ln[F (n)] versus ln(n) linear curve for three different window
size regions

Considering the proportionality constant, c, one gets F (n) = cnα

and hence Equation (3.11) is obtained, where β = ln(c)

ln[F (n)] = αln(n) + β (3.10)

y′ = αx′ + β (3.11)

These linear equations have been obtained for three different window
size zones corresponding to three different frequency zones for each sig-
nal, as shown in Figure 3.4. These linear equations of AB, CD and EF are
characterised by their slopes (αs, αm and αl), intersection with ln[F (n)]
(βs, βm and βl) and the dimension of the time series (D). These char-
acteristic features have been calculated using the formulae mentioned in
Table 3.3. The algorithm used to extract the DFA feature matrix from
all the acquired signals is presented in Table 3.4.
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Table 3.3: Seven Characteristics Features of DFA
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s 𝑙𝑛 𝐹𝑠 1   ns,min<n<ns,max 

m 𝑙𝑛 𝐹𝑚  1   nm,min<n<nm,max 

l 𝑙𝑛 𝐹𝑙 1   nl,min<n<nl,max 
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Table 3.4: Algorithm to extract DFA features of the signals

Input : X = [x1 x2 xi · · · xN ]T

Output : XDFA = [D αs αm αl βs βm βl]

To determine the trended profile y(k) using Equation (3.6)
1. for k=1 to N

2. for i=1 to k
sum=sum+x(i)-x̄

end for loop 2
y(k)=sum

end for loop 1
To determine the mean square fluctuation
z(n,m) of the profile y(k) using Equation (3.7)
3. for m=1 to s

4. for i=1 to n
sum1=sum1+y(i,m)*y(i,m)

end for loop 4
z(n,m)= sum1

n

end for loop 3
z(n,1), z(n,2) · · · z(n,s)
To find RMS for all sub-series of length n, F(n) using
Equation (3.8)
5. for n=nmin to nmax

6. for m=1 to s
sum2=sum2+[z(n,m)]0.5

end for loop 6
F(n)=sum2
end for loop 5
To construct a linear equation using Equations
(3.9),(3.10) and (3.11) and to find the features of
ln(F(n))=α ln(n)+β
Linear equation: ln(F(n))=α ln(n)+β
Window sizes: ns,min< ns< ns,max , nm,min<nm<nm,max and
nl,min<nl<nl,max

αs=
ln[F (ns,max)]−ln[F (ns,min)]

ln(ns,max)−ln(ns,min) and βs=ln[Fs(1)]
for ns,min<ns<ns,max

αm=
ln[F (nm,max)]−ln[F (nm,min)]

ln(nm,max)−ln(nm,min) and βm=ln[Fm(1)]
for nm,min<nm<nm,max

αl=
ln[F (nl,max)]−ln[F (nl,min)]

ln(nl,max)−ln(nl,min) and βl=ln[Fl(1)]
for nl,min<nl<nl,max and
D=3-αs
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3.2.1.3 Dimensionality Reduction using PCA

These DFA features are highly correlated, which needs unnecessary
memory consumption and acts as a burden in the classification process.
This issue has been handled using the straightforward PCA technique.
Since a huge number of case studies have been performed on experimental
setups, the data sets have become deterministic. The authors in [82],
used probabilistic PCA, where it is required to interpret the probable
data. In PCA, an equal number of uncorrelated PCs are formed using
a linear combination of all seven DFA features [77][83]. Arranging those
PCs in descending order, the first four significant PCs are considered.
This reduces the dimension of the feature matrix, and machine learning-
based classifiers can effectively be trained with this reduced matrix to
obtain a higher accuracy level.

As discussed in [84] the ith PC is given by Equation (3.12).

PCi = a
′

iXDFA =ai1D + ai2αs + ai3αm + ai4αl + ai5βs+

ai6βm + ai7βl
(3.12)

For the PCi to have maximum variance, a
′

iΣ ai must be maximum,
subject to a

′

iai=1, where Σ is the covariance of the original variables
XDFA and has given in as

Σ =


var (D) cov (D,αs) · · · cov (D,αl)

... var (αs)
...

cov (αl, D) · · · var (αl)

 (3.13)

var (xi) =
∑n
k=1 (xi,k − xi)

2

n− 1
(3.14)

cov (xi, xj) =
∑n
k=1 (xi,k − xi)(xj,k − xj)

n− 1
(3.15)
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for i and j = 1, 2 . . . . . . . . . .7 but i ̸= j. Here, xi ∈ XDFA

The Lagrange function has been formed as

L = a
′

iΣ ai − λ(a
′

iai − 1) (3.16)

After differentiation with respect to ai one gets

(Σ− λIp)ai = 0 (3.17)

Where λ is eigenvalue of Σ, ai is the corresponding eigenvector and Ip is
identity matrix. The variances of PCs are investigated with the help of
PC loading and scree plot which have been shown in the result section.

3.2.1.4 Classification using 1-nearest neighbour (1-NN) ma-
chine learning technique

In this study, the K-nearest neighbour-based machine learning has
been adopted for its simple detection technique without any pre-trained
classifier model and has been presented in Table 3.5. It only requires
the recognisable training dataset memory [81]. The Euclidean distance
of the test data from all the training datasets as shown in Figure 3.5 is
calculated using Equation (3.18) and a single nearest data point from
the test data is considered the best nearest neighbour and the test data
point is assigned to be a member of the same category.

EDj,test =

√√√√ 4∑
i=1

(PCi,j − PCi,test)2 (3.18)
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Table 3.5: Algorithm for test signal prediction

Memory: Training datasets
Input: Test data
Output: 1-NN and its category
1. for loop j=1:1100
Calculate EDj,test using Equation (3.18)
End loop 1.
To determine 1-NN and its category
1-NN=Minimum [ EDj,test ; j ∀ 1 to 1100]

Xj (PCi,j ;  i=1:4)

Xtest (PCi,j ; i=1:4)
EDj,test

X1

X2

X1100

Xn

Figure 3.5: Euclidean distance between test and training data
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3.2.2 Results and Discussions

As already mentioned, the commonly occurring power system phe-
nomena have been considered here for producing categorically 11 dif-
ferent disturbance signals. Due to restrictions on equipment and instru-
ments’ current and thermal ratings, the conducted experiments were not
the same for all 11 disturbances. Switching and single-line-to-ground
fault events have not been conducted more than 50 times due to the
aforementioned restrictions. The results have been shown in subsequent
sections.

3.2.2.1 Big data generation as an output of k-mean clustering

The number of mother signals (MSs) produced by the experiments
for different categories is presented in Figure 3.6. Three types of dis-
turbances, like a three-phase fault with RL load (PSD3), non-linear
load (PSD5) and EV battery charging (PSD10) were possible to con-
duct 106,102 and 104 times, respectively. Whereas, the number of ex-
periments performed for other PSDs ranges from 43 to 74, as shown in
Figure 3.6. A total of 735 events have been created. As mentioned in
the theory section, all 4000 data points of a particular MS, have been di-
vided into 16 equal-sized CSs before k-mean unsupervised clustering was
performed. Table 3.6 presents the shape factor matrix for 735 mother
signals; however, it is displayed in truncated form here due to its large
actual size.
Here, in Figure 3.7 (a), a normalized current signal of 4000 data points
during a capacitance switching event (PSD1) has been divided into 16
CSs. It is easily observed that the first 45% contains information about
the disturbance, and it is also obvious from Figure 3.7(b) that seven child
signals in the first seven sub-windows have a shape factor (SF) greater
than 1.0.

After filtering out unwanted CS from all 735 mother signals. 1540
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Figure 3.6: Number of big and informative data in comparison with
mother signals

informative CS data signals were obtained. Data generation from MS
ranges from 107 to 201. To maintain uniformity in the training data,
a rounding down value of 100 for each category has been considered as
shown by the red dotted lines in Figure 3.6.

3.2.2.2 DFA feature matrix

The accumulated data for each category has been used to represent
the trending profile of the signal in terms of DFA attributes. Here, in
Figure 3.8, one signal from each category and its respective DFA plot
have been clearly depicted to visualize their DFA plot variations in three
different window-size ranges as mentioned in Table 3.7.

Besides, all these DFA plots for different disturbance categories have
been shown using log-log graph in Figure 3.9. It is obvious from this
graph that these 11 categories fall under 5 major sub-bands in terms
of their low-frequency and medium-frequency contents, i.e., PSD(2,6,9),
PSD(5,3), PSD(1,4), PSD(7,8) and PSD(10,11) but they differ when
their high-frequency contents are chosen. These high-frequency con-
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Table 3.6: Shape factors of sixteen child signals for all 1100 events

E1 E2 E735

SF1 1.8117 2.6603 -------- ------- 1.6687

SF2 2.1052 2.244 -------- ------- 1.0515

SF3 1.7173 1.3941 ------ ------- 1.0619
-----------------

--
--

--
--

-

--
--

--
--

--
-

--
--

--
--

--
-

--
--

--
--

--
-

SF13 1.9415 1.5757 ------- ------- 1.0451

SF14 1.2241 1.3555 ------- ------- 1.0419

SF15 1.3154 1.4332 ------- ------- 1.0427

SF16 2.2101 2.4722 ------- ------- 1.0593

---------------

(16×735)

Child signals
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Figure 3.7: (a) Normalized current signal for the capacitance switching
event (PSD1) and sub-window partitions (b) informative child signals
filtration after k-mean clustering
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Table 3.7: Three window ranges and corresponding frequency compo-
nents

Frequency components window range
High 4 to 108

Medium 108 to 316
Low 316 to 500
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Figure 3.8: One signal from each power system disturbance and their
DFA plots
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Figure 3.9: DFA plots of eleven different PSDs.

tain three different sub-bands, i.e. PSD (2,6,9,5, 3,1), PSD(4,7,8) and
PSD(10,11)

The linear characteristics of all 1100 DFA plots have been specified
by 1100× 7 feature matrix as shown in Table 3.8 in reduced form due to
its large actual size. The corresponding box plots for all seven features
have also been shown in Figure 3.10 to investigate the distribution of
feature variables and their pattern.

3.2.2.3 Reduced Feature Matrix

To obtain the principal components (PCs), a covariance matrix has
been formed and this is given in Table 3.9. Using this covariance matrix,
all PCs were calculated as shown in Figure 3.11 (b) and eigenvalues
along the principal major axes were also been obtained to observe the
PC loading as given in Figure 3.11(a). The first 4 PCs contribute 100%
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Figure 3.10: Box-plot of all seven DFA features showing their variances.
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Table 3.8: 1100× 7 feature matrix

1.98 1.02 0.0618 -0.1456 -4.112 0.3742 1.4852

1.9982 1.0018 0.0835 0.2247 -4.0221 0.2778 -0.4789

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

1.4057 1.5943 0.917 2.3903 -6.0602 -2.8887 -10.7808

1.6529 1.3471 2.7409 -0.1639 -5.7649 -12.2908 3.2692

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

--
--

1.7939 1.2061 1.0571 0.6335 -8.2948 -7.5974 -5.328

2.4951 0.5049 0.0683 -0.108 -6.0218 -3.9774 -3.0333

D          a1         a2         a3          b1         b2        b3

E1

E2

E501

E502

E1099

E1100

Table 3.9: 7× 7 Covariance matrix

-0.117 0.015 0.473 0.023 0.132 0.797 -0.329

0.172 -0.022 -0.697 -0.034 0.621 0.296 -0.101

0.051 0.692 -0.272 0.507 -0.365 0.225 0.058

S  = -0.681 -0.037 -0.227 0.126 -0.06 -0.223 -0.643

-0.046 -0.063 0.308 0.734 0.534 -0.247 0.123

0.111 -0.717 -0.241 0.424 -0.415 0.248 0.045

0.69 0.032 0.108 0.08 -0.062 -0.232 -0.669

of loading without potential information loss and the scree plot also
suggests that the dimension can be brought down to 4 as indicated by
the coloured 1100×4 matrix.

3.2.2.4 Prediction using 1-NN

Using 10-fold cross-validation, 97.18% accuracy level has been achieved
as presented in Table 3.10. 1-NN accuracy level and miss-classified events
are clearly depicted by circos plot in Figure 3.12. The evaluation matrix
in terms of specificity, precision, recall. f1-score, sensitivity and accuracy
has been computed and displayed in Figure 3.13.
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PC1 PC2 PC3 PC4 PC5 PC6 PC7

E1 0.0039 0.0011 -0.0088 -0.0132 0.0064 0.0385 -0.0159

E2 0.0000 0.0019 -0.0092 -0.0127 0.0063 0.0385 -0.0159
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E1100 -0.0062 0.0217 0.0064 -0.0317 0.0064 0.0385 -0.0159
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Figure 3.11: (a) Scree plot and corresponding principal component load-
ing (b) principal components
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Table 3.10: Overall accuracy and relative computational time (RCT)
comparison with other benchmark methods

Without PCA With PCA
Method accuracy

in %
RCT
in pu

accuracy
in %

RCT
in pu

Gaussian SVM 89.03 1.23 90.20 1.14
Decision tree 86.00 1.66 86.00 1.43
Ensemble
bagged tree

89.00 1.35 90.03 1.23

Random forest 92.10 1.97 92.54 1.77
CNN 92.40 2.07 93.45 1.92
1-NN 96.34 1.01 97.18 1

This DFA-PCA-based 1-NN method has been compared with other mod-
ern machine learning and deep learning methods like SVM, decision tree
(DT), ensemble bagged tree (EBT), random forest (RF), and CNN. Their
class-wise accuracy has been shown in Figure 3.14.

The overall accuracy and respective relative computational time (RCT)
have also been presented in Table 3.10. Here the processing time of this
proposed method has been taken as unity and all others’ computational
times have been expressed in pu value with respect to this 1-NN method.
It is observed from Figure 3.14 and Table 3.10, that 1-NN can classify the
disturbances with the highest accuracy in lower detection time. Since
the DFA-based feature extraction method already, segregates the distur-
bances before training the classifier, this high level of accuracy can be
achieved. PCA also contributes to obtaining such higher accuracy, as per
Table 3.10, where the results without using PCA have been portrayed.

In Table 3.12, the proposed method has been compared with some
state-of-the-art methods used in [26],[15] and [23]. The novelty in this
work is that all the disturbances have been created from a hardware
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Figure 3.12: Circos plot showing all miss-classifications
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Figure 3.13: Class-wise performance indices.
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Figure 3.14: Class-wise accuracy comparison with other benchmark ma-
chine learning

Table 3.11: Accuaracy level under noisy environment

Accuracy (in %)Noise level
(in dB) Gaussian

SVM
Decision

tree
Ensemble

bagged tree
1-NN

20 88.00 80.80 86 90.10
30 88.90 81.03 87.10 92.20
40 89.01 83.40 87.20 94.34
50 89.30 85.62 89.03 96.50
60 90.20 86.00 89.70 97.01

Raw signals 90.20 86.00 90.03 97.18
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experimental setup, and different types of power system operations like,
switching, islanding and faults have been considered.

As the disturbances have been created using a laboratory-based prac-
tical grid-connected DG system, some random and undefined noises are
present in the acquired signals. Though, the study has been performed
using those practical noisy signals, still its performance has been as-
sessed by adding different accountable noise level up to 20 dB. The per-
formances at different SNR (signal-to-noise ratio) have been presented in
Table 3.11. This proposed method provides a satisfactory performance
of 90% accuracy even in highly noisy environments.

3.3 Classification of Single PSD using CWT

Guided Customized AlexNet CNN

This work aims at designing a Convolution Neural Network (CNN)
based classifier that detects and classifies thirteen different types of power
system disturbances. The whole process comprises of a couple of steps.
Initially, the disturbance current signals were sensed from the experi-
mental setup. The filtration by unsupervised k-mean Machine Learn-
ing (ML) has been performed to remove noisy data and to obtain big
data. The architecture of AlexNet CNN has been modified, and the
time-frequency informative images have been created using Continuous
Wavelet Transform (CWT). The convolution has been performed using
kernels to obtain feature maps. The forward-backward propagation al-
gorithm has been used to optimise the hyperparameters. Finally, the
softmax activation function categorises the classes. The proposed cus-
tomized CNN has been compared with other benchmark CNN architec-
tures. The method has shown 98.46% accuracy with minimum compu-
tational time.

The classification study of almost all possible power system distur-
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Table 3.12: Comparison with few state-of-the-art methods

Ref.
Number
/Origin
/ Type

Feature
extraction
method

Class-
ifier

Accur-
acy
in %

Novelty

[26]
10/ PSCAD
simulated
/ Faults

Ensemble
empirical

mode
decomp-
osition

(EEMD)
+ CNN

LSTM 96.89

State-of-
the-art
techni-
ques

[15] 15 Simulated
signals

Gabor filter
guided

Softmax 97.00

State-of-
the-art
techni-
ques

[23]

8 events and
their combin-

ations
/ Program-

mable
/ ac generator

Stockwell
Tranform
guided

Neural
Network

98.25

State-of-
the-art
techni-
ques

Propos-
ed work

11 exclusively
different

/ Practical
Laboratory

setup
/ Switching
Islanding
Faults

DFA 1-NN 97.18

Simple
and

Robust
Less

computa-
tional
time
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bances is challenging in a decentralised modern power distribution net-
work. Due to the diversity in generation technology and bidirectional
flow of current, the conventional method of fault analysis fails [85], [86]
and [87]. The classification study of other disturbances, unlike fault, i.e.,
capacitor, or inductor switching, nonlinear load switching, mechanical
power interruption, islanding from utility, etc., which are equally signif-
icant to supply reliable and quality power to the consumer [88] and [89].
Power quality disturbance classification using Convolution auto-encoder
network and Stockwell Transform (ST) guided deep learning techniques
was addressed in [15] and [23], respectively. In some previous literature,
from [62] to [90], the study of islanding detection, fault classification,
high impedance fault detection etc. have been addressed. In [91] and
[92], the combination of two, three or four different types of disturbances
have been reported.

The synthetic signals have been used in most of the articles for clas-
sification studies [93] and [64].

In [64] the CNN method has been proposed using the Hilbert Huang
transform for fault classification in the power distribution network.

In this study, the AlexNet has been considered as the basic net-
work for its straightforward architecture, faster convergence capability
with proper learning rate and batch size and parallelization ability with
Graphics Processing Unit (GPU) [94, 95]. This CNN has been cus-
tomized by manual tuning of a few deciding parameters and by varying
the architecture of the input layer and last three layers as described in
the classification section. The performance of the classifier has been eval-
uated both in the absence of noise and under various noisy conditions.

Thirteen different classes of disturbances (CD) from CD1 to CD13 as
mentioned in Table. 3.13 have been created. To create a high impedance
fault (CD2), naturally available materials like soil, sand, stone, twigs, dry
leaves etc. have been used as the contact surface of a broken conductor
[96].
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Table 3.13: Classes of Disturbances

Code Class Code Class
CD1 VAR compensat-

ing device switch-
ing

CD8 Non-linear load

CD2 High Impedance
Fault

CD9 Reactor coil
switching

CD3 Sudden discon-
nection from grid

CD10 Single line to
ground fault

CD4 Line to line fault CD11 Single line to
ground fault with
grounded neutral

CD5 Line line to
ground fault

CD12 Induction motor
single phasing

CD6 Three phase fault CD13 Load demand
fluctuation

CD7 Prime mover decoupling

3.3.1 Methodology of Single Power System Distur-
bance Events Identification

The recorded data are processed through the following steps.
• Filtration and big data generation using unsupervised k-mean cluster-
ing.
• 2-D Scalogram for time-frequency information using continuous wavelet
transform
• Feature extraction and classification using customized proposed CNN.
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3.3.1.1 Filtration using Data Clustering

In this step, the entire set of data points from each signal, referred
to as the mother signal (MS), is divided into n child signals (CS).

XMS ∈ [XCS,1, XCS,2, ....., XCS,n] (3.19)

XMS ∈ [XCS,informative, XCS,non−informative] (3.20)

Unsupervised k-mean clustering techniques has been used to segre-
gate informative and non-informative child signals for each mother sig-
nal. All informative child signals extracted from the recorded signals are
aggregated to form big data (BD).

Here, the statistical features – shape factor, rms value and peak value
have been taken as variables for each child signal.

3.3.1.2 Time-Frequency Schelogram Conversion

In this part, the time and frequency domain information in the form
of a scalogram have been obtained using (CWT) as given in Equation
(3.21). Each child signal, x(t) is transformed into a wavelet function, Wx

using a mother wavelet function ψ(t). Here, a is the scale factor and b is
the shifting operator. The schalograms so obtained have been converted
to images in a MATLAB environment.

Wx(a, b) =
1√
a

∫ ∞

−∞
x(t)ψ̂

(
t− b

a

)
dt (3.21)

Here, ψ̂(t) is dual function of ψ(t).

3.3.1.3 Classification by Convolution Neural Network

The total images have been divided into 80% training set and 20%
validation set. Initially, to make the network architecture compatible,
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Figure 3.15: Proposed customized CNN

Table 3.14: Tuned Hyper-parameters

Hyper-parameters Values Hyper-parameters Values
Batch size 30 Number of epochs 6
Learning rate 0.0003 Validation frequency 43
Optimizer sgdm

the five important parameters i.e. learning rate (LR), batch size, num-
ber of epochs and optimiser have been tuned as shown in Table 3.14.
The convergence, computational time, memory requirement and accu-
racy depend on those parameters. The complete process comprises the
following steps, as depicted in Figure 3.15.

3.3.1.4 Customization of AlexNet

The images are fed to the input layer of the Neural Network (NN)
in a number of batches. The images have been resized to 227×227 and
divided into three channels– Red, Green and Blue to comply with the
requirement of the input layer. As a base network, AlexNet has been
considered and its architecture has been customized as per the require-
ments. The hyper-parameters have been tuned manually at a value given
in Table. 3.14 to obtain the maximum accuracy.
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Figure 3.16: Feature extraction by convolution in hidden layers

3.3.1.5 Feature Extraction by Convolution

The complete architecture of this customized CNN with five convo-
lution layers, three pooling layers, three fully connected layers (FC6,
FC7 and FC8) and softmax activation layer has been clearly shown
in Figure 3.15. Sizes of all layers are also mentioned in this figure.
The convolution layer is always followed by pooling layer. Here, 3×3

max-pooling with stride of 2 has been used to extract features. As de-
picted in Figure 3.16, an image matrix, X ∈ RW×H×3 has been padded
with P number of dummy pixels around its boundary. It results in
Xp ∈ R(W+2P )×(H+2P )×3. When the filter f ∈ RF×F comprising of
different feature detecting kernels is convolved with this resulting im-
age, the output neurons of this layer contain feature maps and given by
Equation (3.22).

(XP ∗ f)(m,n) =
3∑
c=1

F∑
i=1

F∑
j=1

X(m+ i, n+ j, c)f(i, j) (3.22)
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where m =1,2,3 . . . (W+2P−F
S )+1 and n =1,2,3 . . . (H+2P−F

S )+1. Here,
S is the stride by which the filter has been shifted across the image.

Besides, two different types of activation functions Linear Unit (ReLU)
and Dropout Unit (DU), have been used in extraction layers and output
layer repeatedly.

3.3.1.6 Classification

The classification layers of the proposed CNN are shown in the second
part of Figure 3.15. Here, the operations are:
• Feed forward propagation
• Softmax activation
• Optimization using Back propagation

3.3.1.6.1 Feed Forward Propagation: The input feature vector
has been added with bias after being multiplied with the random weights
and the activation function has been applied on the resulting matrix two
times in FC 7 and FC 8 layers.

Y = φ(8)
(
W(8)φ(7)

(
W(7)X(6) + b(7)

)
+ b(8)

)
(3.23)

Here, Y = [y1 y2 . . . yj . . . y13]
T is classifier output vector. The bracketed

index given at the top of the quantity indicates the layer number, where
the quantities are:
φ : activation function; W : weight matrix; b : bias vector; X : input
feature vector.

3.3.1.6.2 Softmax function activation: The softmax function as
shown in Equation (3.24) has been applied on thirteen output numeric
values to obtain normalized probability distribution where larger value
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becomes more larger and smaller becomes more smaller.

pi = σ(yi) =
eyi∑13
j=1 e

yj
(3.24)

∀ i from 1 to 13 and obviously
∑
pi = 1.

3.3.1.6.3 Optimization using Back Propagation: The cross en-
tropy has been considered as loss function given in Equation (3.25). Back
propagation technique has been used to get optimal values weights (W)

and bias (b) by reducing the loss function in an iterative process.

L(W,b) =

13∑
j=1

p∗j log

(
1

pj

)
(3.25)

where L is loss function. The classifier output probability vector and
probability distribution of label vector are p = [p1 p2 . . . pj . . . p13]

T and
p∗ = [p∗1 p

∗
2 . . . p

∗
j . . . p

∗
13]

T respectively. W and b are weight and bias
tensors respectively. The stochastic gradient descent method (SGDM)
and chain rule of derivatives have been used to update the weights and
bias at the end of each iteration.

3.3.2 Results and Discussions

This article aims at categorizing different types of power system dis-
turbances. This necessitates PSD creation, big data generation and
training a classifier. The results at every step are given in a sequen-
tial manner in the following sections.

From 1210 mother signals of all classes, 3510 informative child signals
(ICS) were stored after the data clustering of 16 child signals for each
event. In the Figure 3.17, seven informative child signals with higher
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Figure 3.17: Unsupervised k-mean binary clustering of CD1 event (a)
16-child signals (b) informative child signals (c) non-informative child
signals (d) clustered seven informative child signals

shape factors have been segregated using k-mean clustering method for
capacitance switching event.

Figure 3.18 shows the population of mother signals and filtered in-
formative child signals for all disturbance classes. The number of MS for
CD1, CD10, CD11 and CD12 have not been more than 50 because of
thermal and electrical rating constraints of the generator winding. For
CD2 the population of ICS is just 8 more than MS. Here 200 has been
taken as 1 per unit. After rounding up, 200 ICS from each class as shown
by a black horizontal line, have been chosen for further processing. 41
mother signals of capacitance switching (CD1) have generated 340 child
signals as shown in Figure 3.19 and corresponding RGB images are also
shown.

2600 scalogram images have been obtained from 2600 ICS. All CWT
image outputs of 2600× 1 and their Red (R), Green (G) and Blue (B)
component images of 2600 × 3 have been stored in the form of tensor.
Figure 3.20 shows CWT image outputs of 13 ICS, one from each class.
Data sizes at different stages of operations are summarised in Table 3.15.

During mini-batch training, it has been observed that the loss func-
tion has decreased as the epoch goes on increasing. Simultaneously, the
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Informative Child Signals accumulation CWT

Figure 3.19: Big data generation and image creation

Table 3.15: Parameter value at different stages

Parameters Values Parameters Values
Input class 13 Input of FC6 4096

Current signals 13 × 200=2600 Dropout 50%
Training set 80% Classification layer FC8 13
CWT image 227× 227× 3 Output classifier softmax
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Figure 3.20: 13 CWT image outputs for 13 different classes
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Figure 3.22: Class-wise variation of performance indices

validation accuracy level has been increased with epoch as shown in Fig-
ure 3.21 by black line and 98.46% accuracy has been achieved at the end
of the final epoch.

The class-wise performance indices like accuracy, precision, recall,
F1-score, sensitivity and specificity are represented in Figure 3.22. It
is clear that out of 13 classes, 9 classes have been predicted with 100%
accuracy though, in the case of CD3, CD4, CD6 and CD12, very few
events have been misclassified.

In Table 3.16 this proposed customized CNN has been compared with
other power system disturbance classification methods used in [15] and
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Table 3.16: Comparison with other methods used in different works

Reference
work

Used methods Disturbance signal
creation

Accuracy in %

[15] Gabor filter
guided softmax

Simulated 97.00

[23] ST guided
CNN

Programmable
ac source

98.25

Proposed
method

CWT guided
customized

CNN

Practical low
voltage power

system
98.46

[23].
The performance of the classifier under different noisy conditions has

also been observed in Table 3.17. Signals with different noise contamina-
tion levels specified by signal-to-noise ratio (SNR) have been compared.
The accuracy level is acceptable even at higher noise contamination of
20 dB.

Table 3.17: Performance of Classifier under Noisy Environment

SNR Accuracy(%) RCT(pu)
20 dB 97.5 1.02
30 dB 98.46 1.02
40 dB 97.94 1.05
50 dB 98.45 1.05
60 dB 98.46 1.05

without noise 98.46 1.00

3.3.3 Limitation of this Method

Though the proposed method performed the classification task satis-
factorily, there are some limitations with respect of the types of events.
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Firstly, the synchronisation of DG with the power grid and its island-
ing are very common phenomena which have not been addressed in this
section. Besides, in this section, three-phase faults have been considered
only for the no-load conditions. But, in actual practice, this fault may
occur at any circuit conditions. These two facts have been considered in
the preceding section.

3.4 Classification of Single PSD using Math-

ematical Morphology Based PCA Aided

SVM

In this part, the methodology of Mathematical Morphology (MM)
based Power System Disturbances (PSD) sensing using Principal Com-
ponent Analysis aided Support Vector Machine (SVM) has been intro-
duced. The statistical features are extracted from the acquired data us-
ing Mathematical Morphology (MM). The high dimensional correlated
feature variables are transformed into a smaller set of uncorrelated vari-
ables called principal components using Principal Component Analy-
sis (PCA). Finally, a Support Vector Machine (SVM) based Machine
Learning (ML) algorithm has been proposed using a quadratic polyno-
mial kernel function to classify the disturbances and the performance of
the algorithm has also been assessed. The results show that the per-
formance of the proposed method is acceptable for sensing PSD. The
present method is generic in nature and can be implemented for similar
problems.

In the recent past, various algorithms like multiple cycle wave shape-
based analysis[14], deep convolution method with classifier[15], multi-
resolution decision tree-based approach [16] etc. have been reported. In
[14] authors proposed a detection method based on wave shapes during
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the disturbance. In [15], Poras et al numerically simulated fifteen dif-
ferent disturbances, used the Gabor filter to reduce noise and achieved
97% accuracy. Nine different types of disturbances along with distributed
sources have been simulated in [17] and variational mode decomposition
(VMD) based classification has been made. Ramesh et al in [18], used
Hilbert transform (HT) before the classifier has been modelled. In [19], a
random forest (RF) based classifier has been used after the power signal
has been converted to a grey image. In [20] authors focused on determin-
ing the location of different disturbances using wavelet transform of the
sensed signals. Nand et al in [21] worked on a real-time grid-connected
network and proposed an empirical mode decomposition technique for
detection and classification. In [22] and [23], authors proposed a hybrid
model for feature extraction and classification and 98.86% accuracy has
been achieved. In [24] authors simulated high impedance fault (HIF) us-
ing MATLAB and developed a power spectral analysis-based algorithm
for the detection of faulty feeders. In [25], wavelet transforms (WT)
have been applied to the signals after the inception of fault to extract
coefficients before the fuzzy-based classifier has been modelled.

In this study, the high impedance faults (HIF) have also been taken
into consideration as these are likely to occur in DG-based systems. The
conventional protection scheme may fail to detect due to the similarity of
the HIF current with the normal current magnitude. The classification
is also challenging due to the similar nature of HIF current with that of
SLG fault.

In this work, fifteen completely different events comprising all possi-
ble short circuit faults, switching, load change, islanding as well as prime
mover faults have been considered.

The distorted signals of current and voltage have been sensed and
tracked using the data acquisition arrangement (DAA). The raw signal
contains noise in the form of high-frequency transients, errors caused by
non-linearity in the response of sensors, and unpredictable behaviour of
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the power system. Hence the detection of the actual shape of the distur-
bance waveform should be identified initially to detect every disturbance
accurately. This task has been performed by mathematical morphology
(MM) based filtering technique. The sensed noisy signals are processed
by the structuring element function which creeps as a moving window
but not interact with the signals [13]. The wanted and unwanted fea-
tures can be preserved or suppressed respectively by the fundamental
morphological operator. The MM-based technique has been used suc-
cessfully to eliminate the dc offset of a current transformer to improve
the performance of protective devices in [97]. Besides, the researchers in
[98], [99] and [100] have applied this technique successfully in their own
fields. The literature cited in [101] signifies the efficacy of MM-based fea-
ture extraction in the field of power system fault analysis. In this study,
MM performs dual operation – filtration and feature extraction. Since
the significant features can also be extracted during MM operation, no
further or extra transformation tool is required to implement this work.
It also saves the detection time. The ten morphological operations of
dilation and erosion followed by their combination have been performed
on each DAA sensed signal to obtain the accurate shape attributes and
significant statistical features are extracted from these attributes.

For classification purposes support vector machine (SVM) based ma-
chine learning algorithm has been proposed in this research. The in-
put feature vector plays an important role to train this classifier with
accuracy and fastness. To improve the performances, principal compo-
nent analysis (PCA) based dimensionality reduction technique has been
adopted. Principal components (PCs) are so arranged that most of the
variations present in all the original variables remain in the first few PCs
[84], [102] and [78]. PCA-based techniques have also been proposed for
data mining [80],[79] and [103].

Here, different classes and patterns have been sensed during fifteen
different disturbances using DAA. To recognize and classify a large num-
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ber of datasets obtained from DAA, an SVM-based algorithm has been
designed to find the best boundaries. It models nonlinear decision bound-
aries by nonlinear kernel function [104]. SVM-based algorithm for clas-
sification has been proposed in [105] and [106].

Therefore, an efficient methodology has been developed for sensing
PSD with reasonable accuracy. These disturbances are generated with
the help of real DG-based power system networks. First, MM-based fil-
tering has been applied to the sensor output signal for the extraction of
shape attributes because of its suitability with the noisy real dataset.
Then, PCA based SVM classifier has been designed. The detailed steps
of the proposed algorithm for feature extraction, selection and classifi-
cation will be discussed in the following stages.

3.4.1 Methodology of Single Power System Distur-
bances Events Identification

3.4.1.1 Disturbance Creation

Fifteen different types of disturbances as listed in Table 3.19 have
been generated in accordance with the following IEC 60909-0:2016 stan-
dards [76], using the experimental setup shown in Figure 2.1 of Chap-
ter 2, Section 2.1.1.1. The different loading conditions in both the iso-
lated and grid-connected operating modes have been performed using
the switching operation and load variation arrangement. The switch-
ing has been done using a 12 V battery-operated 25 A solid state relay
(SSR) (UNI 901 ZDA). The three-phase switches S1 and S2 are used for
motor starting and to connect or disconnect the resistive and inductive
type load. The mechanical load of the induction motor has been varied
by using the belt pulley arrangement. A series combination of a 100 Ω

rheostat and an coil has been used as RL load. The load impedance and
the power factor have been varied with the help of the rheostat. The
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Table 3.18: Components Used in Hardware Setup

Components Range / Ratings

Alternator 3 Ph, 50 Hz, 1500 rpm, 230 V, 1 kW

Exciter I/P : 230 V, 50 Hz O/P : 220V dc

DC Motor 3 Ph, 220 V, 1500 rpm, 3 hp

DC Power Supply I/P: 230 V, 1 ph, 50 Hz O/P: i) 220 V dc
Excitation to the motor field ii) 220 V dc
armature supply

Main Bus 50 Hz, 3 ph, Line Voltage = 415 V, Phase
Voltage = 230 V

Grid 415 V, 50 Hz

Induction Motor (Lo-
cal load)

3 Ph, 50 Hz, 1425 rpm, 415 V, 3 hp

switching of a capacitor bank has been done by S3.

Among these PSDs from C1 to C15, High Impedance Fault (HIF)
(C2) is the most difficult to generate. It required an additional setup as
shown in Figure 2.3 of Section 2.1.2 of Chapter 2. Figure 2.4 of Section
2.1.2 of Chapter 2 shows a few materials like soil, stones, sand, twig,
and dry and wet leaves, commonly associated with this type of fault.
In our study, two critical cases have been considered. In class C3, the
sudden disconnection of DG from the grid affects the power quality of
the system. This islanding is mandatory when grid instability occurs. In
C9, mechanical energy input to the generator shaft gets interrupted due
to sudden malfunctioning of steam or fuel valves, breaking of shaft or
bearing, rotor eccentricity etc. resulting in oscillation of machine angle
about post operating point.
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Table 3.19: Classes of Power System Disturbances (PSD)

Class PSD
C1 Capacitance Switching
C2 High Impedance Fault
C3 Islanding
C4 Line to Line Fault
C5 Line-Line to Ground Fault
C6 Three Phase Fault at no load
C7 Three Phase Fault with R load
C8 Three Phase Fault with RL load
C9 Mechanical Power Interruption
C10 Nonlinear Load Injection
C11 Reactor Switching
C12 Single Line to Ground (SLG) Fault with

Isolated Neutral
C13 SLG Fault with Neutral Grounded
C14 Single Phasing
C15 Sudden Load Change

3.4.1.2 Feature Extraction Technique Based on Mathematical
Morphology

The current signals of few events are so similar in nature that their
statistical features are not sufficient to classify them. Besides, the signals
contain noise and some undefined random error signals. For the purpose
of filtration and to obtain large number of features, Mathematical Mor-
phology (MM) has been applied on each signal of raw data set (X). Some
operations of Mathematical Morphology with ”line” structuring element
(B) have been performed to extract its shape and size attributes in terms
of its statistical indices. Two basic operations – dilation and erosion –
one followed by the other and depending on the operation sequence, they
are termed opening and closing operations. The basic theory of MM is
detailed in [13]. Here, a few basic morphological operations and their
combinations are given in the equations from Equations (3.26) to (3.31).
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Dilation (D) and Erosion (E):

M1 = D = X ⊕B ; M2 = E = X ⊖B (3.26)

Opening (O) and Closing (C):

M3 = O = E ⊕B ; M4 = C = D ⊖B (3.27)

Dilation erosion difference filter (DEDF) and Opening closing differ-
ence filter (OCDF):

M5 = DEDF = D − E ; M6 = OCDF = O − C (3.28)

Morphological median filter (MMF) and Open close median (OCM):

M7 =MMF1 =
D + E

2
; M8 = OCM1 =

O + C

2
(3.29)

Similarly,

M9 =MMF2 =
(MMF1⊕B) + (MMF1⊖B)

2
(3.30)

M10 = OCM2 =
(OCM1⊕B) + (OCM1⊖B)

2
(3.31)

For each of the 1200 datasets, the above ten operations (M1,M2,M3,
. . . . . . . . . . . . .M10) are performed. Four statistical features– Maximum
Value, Variance, Skewness and Kurtosis are extracted from each MM
output. The variance of ith data set (Mi) is represented as Var(Mi) = σ2

i

where σi is the standard deviation and

σi =

√√√√ 1

m

n∑
j=1

(
Mi,j −Mi

)
(3.32)
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Here, m is the number of data points in each vector Mi, Mi,j is jth ele-
ment of Mi and Mi is the mean value. The skewness

Si (Mi) =

√
m(m− 1)

m− 2
×

1
m

∑m
j=1

(
Mi,j −Mi

)3
σ2

(3.33)

And the kurtosis,

Ki (Mi) =
1
m

∑m
j=1

(
Mi,j −Mi

)4
σ4

(3.34)

The extracted distinct features are processed further using the PCA
technique, and a new set of features having significant variances are
considered in designing the classifier. The dimension of data stored after
MM operation is 1200× 40.

3.4.1.3 Dimensionality Reduction using Principal Component
Analysis (PCA)

For the problem considered here, MM features are highly correlated
causing difficulties in classification. This issue is handled effectively
by PCA technique. It helps to transfer those correlated features into
equal number of uncorrelated PCs. As lower number of PCs retains
all variability of the original features, the dimensionality of the prob-
lem reduces. Besides, the transformation technique is very simple as
the PCs are the linear combination of all features. It also allows us to
visualize and interpret the problem in 2D or 3D. PCA has been used
to reduce the dimensionality of the data set having many interrelated
variables [84],[102]. The scattered normalized data of p variables are
transformed into a new set of uncorrelated and linear combinations of
original variables. The first few variables retain most of the variation
present in all of the original variables. The feature vector X obtained
from MM is fed to the PCA algorithm to select the most significant
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principal components before SVM-based machine learning is performed.
The detailed theory has been given in [78]. First step is to investigate
a linear function (PC 1) of the elements of X having maximum variance
i.e. PC1 = a

′

1X =a11x1+. . . +a1ixi+. . . . . . . . . . . .+a1pxp =
∑p
j=1 aijxj

To maximize PC 1, it requires to maximize a
′

1Σ a1 subject to a
′

1a1=1.
Where Σ is the covariance of the original variables (x1, x2, . . . . . . xi

. . . . . . xp) and it is given as

Σ =


var (x1) cov (x1, x2) · · · cov (x1, xp)

... var (x2)
...

cov (xp, x1) · · · var (xp)

 (3.35)

var (xi) =
∑n
k=1 (xi,k − xi)

2

n− 1
(3.36)

cov (xi, xj) =
∑n
k=1 (xi,k − xi)(xj,k − xj)

n− 1
(3.37)

for i and j = 1, 2 . . . . . . . . . .p but i ̸= j Introducing Lagrange multiplier
to include the equality constraint, Lagrange function has been formed as

L = a
′

1Σ a1 − λ(a
′

1a1 − 1) (3.38)

Now, differentiating with respect to a1 one gets

(Σ− λIp)a1 = 0 (3.39)

Ip is (p×p) identity matrix and λ is eigenvalue of Σ and a1 is the cor-
responding eigenvector. The principal components (PC) are arranged
according to their variances. Only PCs with significant variances are
considered for classification.
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3.4.1.4 Classifier Design using SVM-based Machine Learning

As a supervised learning algorithm, SVM has been used with the
goal of segregating 14-dimensional space into said classes. SVM algo-
rithm helps to create the best decision boundary known as hyperplane,
with sufficient margin among the support vectors belonging to differ-
ent classes. As fifteen different types of disturbances are taken here, a
multiclass classification technique has been adopted. It is an extended
application of one versus one (OVO) binary classification technique as
shown in Figure 3.23. Each class is segregated from all other classes sep-
arately, generating 15C2 number of classifiers. The detailed theory and
derivations are given in [107] and [108] where the classifier (Wij,bij) of
linearly separable vectors of two classes is obtained by maximizing the
derived Lagrangian function, L(α) given in Equation (3.40) and solving
Lagrange Multipliers, α.

L(α) =

N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαj yiyj XiXj (3.40)

here, yi = ±1 and X i is ith vector.

For a non-separable problem, to make it separable, Lagrange function
is modified as Equation (3.41) introducing non-linear kernel functions
k (Xi,Xj), which replaces the inner products (XiXj)

L(α) =

N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαj yiyjk (XiXj
) (3.41)

Subject to αi ≥ 0 and
∑N
i=1 αiyi = 0. The ten-fold cross-validation

technique has been used to modify the classifier and to reduce misclas-
sification errors as obtained by using Equation (3.42). In this mode of
operation, 10% events have been used for validation and the rest 90%
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Figure 3.23: Flowchart of OVO based cross-validation

events have been used to train the classifier as shown in Figure 3.23.

Eval(avg) =
1

10

10∑
i=1

Eval(g
′
(i)) (3.42)

where, Eval(g
′
(i)) and Eval(avg) are the error in ith cross-validation and

the average error at the end of the validation process, respectively. The
algorithm of the whole process is given in Table 3.20.

3.4.2 Results and discussion

A total of 1200 data files, 80 data files for each class have been used
to train the classifier. The results are produced below in a sequential
manner.

Step 1: The current waveforms for the different PSD events were
recorded using data acquisition system. The Figure 3.24 represents the
recorded current and voltage signal of a PSD event (i.e. C7).

Among all 1200 raw signals acquired from 1200 events, only one signal
from each class has been shown in Figure 3.25. The following character-
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Table 3.20: Algorithm for Complete Workflow

Input: PSD data
Output: Type of disturbance
Feature extraction from raw data
1. Load n current signals of (1×4000)
data set each.
2. for i=1 to n
3. Carry on MM operations: D, E, O,C,
DEDF, OCDF, MMF1, MMF2, OCM1
and OCM2.
4. End for loop
5. Compute statistical fea-
tures of MM output data sets:
Maximum value, V ariance, Skewness
and Kurtosis.
Principal Components selection
using PCA
6. All features stored in n by p matrix.
7. Compute covariance matrix
8. Get eigenvalues and eigenvectors.
9. Compute all PCs.
10. Construct a scree plot.
11. Select a suitable number of PCs.
Training of SVM based Classifier.
12. Construct Training database.
13. Divide data into q subsets for cross-
validation.
14. For i=1:q For all test subsets
and training sets.
15. Use polynomial kernel functions.
Obtain optimal Hyperplane.
16. End for loop.
17. Get SVM classifier.
18. Evaluate performance.
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Voltage signal

Current signal

Figure 3.24: Recorded line voltage and line current for the event C7
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Figure 3.25: Recorded current signals of different Power System Distur-
bance events
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istics are noticed from visual observation of the signals.
• Each current waveform clearly indicates the point where the distur-
bance occurs.
• The waveforms belonging to C2, C5 and C13 classes of disturbance,
primarily associated with ground contain high-frequency transients. The
number of transients and their durations differ from each other.
• The signals from C4, C5, C13 and C14 are of the same nature and
the current flows in two phase-conductors.
• C1 and C11 are switching events, the raw signals are symmetrical
with high frequency transient at the time of inception of the switching.
• C6, C7 and C8 are of same nature. The waveforms are symmetrical
with some DC offsets at the instant when the fault occurs.
• C3, C9 and C15 are similar in nature and occur when there is any
power mismatch between the input and output of the DG. Frequency
and amplitude variation with time are observed.
• The waveform in C10 is due to non-linear load switching. It may
be symmetrical or unsymmetrical depending on the mode of operation
of the semiconductor switching devices. It appears to be non-sinusoidal
with lots of harmonics.

Step 2: The ten said morphological operations have been applied on
all 1200 datasets, followed by four statistical operations and as an output
1200 × 40 extracted feature matrix is formed. This matrix is shown in
its truncated form in Table 3.21 due to its large actual size.

Step 3: The extracted 1200 data sets are fed to the PCA algorithm to
reduce the dimensionality of the feature vector. As an output of PCA, 40
eigenvalues, corresponding 40 eigenvectors are obtained. The resulting
PCA loading matrix in its truncated form is shown in Table 3.22, where
it is evident that PC28 has maximum variance and contains larger pro-
portions of all 40 input features. PC28 is followed by PC29, PC30, PC32
then PC24 and so on. The scree plot is obtained to select the number of
PCs to take part in the machine learning algorithm. Here, the variance
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Table 3.21: 1200×40 Mathematical morphology Feature Matrix

m1 m2 …. m25 m26 …. m40

e1 0.36 1.00 …. 4.74 7.37 …. -1.095

e2 0.21 0.94 …. 6.05 7.25 …. -1.109

…. …. …. …. …. …. …. ….

e400 0.29 0.95 …. 7.52 7.66 …. -1.074

e401 0.42 0.93 …. 7.17 6.88 …. -1.083

…… …… …… …… …… …… …… ……

e1000 0.29 0.95 …. 7.52 7.66 …. -1.074

…. …. …. …. …. …. …. ….

e1199 0.93 1.00 …. 5.34 4.51 …. -1.064

e1200 0.03 1.00 …. 5.23 4.58 …. -1.060

1200×40 
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Figure 3.26: Scree plot.(a) Normalized variances of PCs (b) value wise
sorted variances of PCs

of all 40 PCs have been represented in two different ways. In Figure
3.26 (a), normalized values of eigen for all PCs are plotted serially and
in Figure 3.26 (b) the PCs are sorted according to their eigen values,
known as scree plot. It is evident from the scree plot that the first 14
PCs contain 99.07 % of total variance and the fourteenth onwards PCs
are of negligible variances and it has also been validated by the bar chart
attached with the Table 3.22.

Step 4: With the 14 PCs as shown in Table 3.22, one-versus-one
(OVO) mode of operation and ten-fold validation scheme, a quadratic
kernel function-based SVM has been trained. To get the optimal value
of the regularization parameter (Ĉ) on which the performance depends,
the grid search algorithm has been used as an optimizer and after 100
iterations with 1.76 pu evaluation time, the value of Ĉ appears to be
2.1544. The performance is shown by the confusion matrix given in Fig-
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Table 3.22: PCA Loading Matrix
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ure 3.27, where it is clear that only 0.67% events have been misclassified.
It has also been observed that without PCA, taking all 40 extracted fea-
tures, 96% accuracy has been obtained with the training time of 1.06
pu whereas using the first 14 PCs with the same machine learning al-
gorithm, 99.3% accuracy has been obtained in just 1 pu time. For 15
PCs, the accuracy remains same whereas computational time increases
to 1.20 pu. If all 40 PCs are taken into consideration, accuracy decreases
to 98.7% with much more computation time. The Optimum number of
PCs is 14. For comparison, accuracy for lower (5 and 10 PCs) and upper
(15, 16, 35 and 40 PCs) than the optimum number of PCs are shown in
Table 3.24.

Step 5: The event-wise receiver operating characteristics (ROC) with
the Area Under Curve (AUC) have been obtained. The ROCs of the
events C2 and C3 have been shown in Figure 3.28(a) and Figure 3.28(b),
respectively. These curves clearly indicates the detection ability of the
classifier to identify C2 and C3 types of disturbances with AUCs of
0.9952 and 0.9965, respectively.
Step 6: Finally, the proposed method has been compared with other
two efficient classifiers – Medium Gaussian SVM and Naive Bayes classi-
fier and the comparative results have been shown in the Table 3.23. The
accuracies for the first two classifiers are 98% and 94.7% and correspond-
ing Relative Computational Times (RCTs) are 1.03 and 1.24 respectively.
RCT is the ratio between the computation time for a particular technique
and the minimum computation time considering all techniques [17]. In
Table 3.25, the proposed method has also been compared with recently
published works on PSD in respect of the number and types of events,
feature extraction processes, classification methods and accuracy levels.
It is observed that our proposed method is superior than others in the
view point of accuracy level except [17]. In [17], the accuracy is slightly
higher but only nine events have been considered and also the data have
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Table 3.23: Comparison of the Proposed Classifier with the Other Clas-
sifiers

Method Accuracy (%) RCT
Medium Gaussian SVM 98 1.03
Naive Bayes 94.7 1.24
Proposed Quadratic SVM 99.3 1.00

Table 3.24: Performance Variation with Different Feature Selection

Feature Accuracy (%) RCT
40 MM without PCA 96.0 1.06
First 5 PCs 86.0 0.98
First 10 PCs 96.3 0.90
First 14 PCs* 99.3 1.00
First 15 PCs 99.3 1.20
First 16 PCs 97.3 1.04
First 35 PCs 99.3 2.01
All 40 PCs 98.7 2.15
*The proposed method is taken as a reference

been generated from computer simulation.

3.4.3 Conclusions

In this chapter, the most commonly occurring power system distur-
bances due to individual root causes have been identified. Starting with
only six root causes and increasing the number by adding more single
disturbances in succession, a few simple and robust machine learning
and deep learning algorithms were proposed for disturbance detection.
A summary of all classifiers considered in this chapter has been provided
below.

• Six disturbances: After the feature extraction using DWT, KNN-
based Machine Learning have been applied and an optimistic result
with 97.1% accuracy was achieved.
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Table 3.25: Comparison with Other Methods

Reference
Pa-
pers

Number
of
Events

Feature Ex-
traction
method

Classifier Data Gener-
ation from

Classifi-
cation
Accu-
racy
(%)

[15] 15 Gabor Filter Softmax Simulation 97.00
[16] 16 Multiresolution

Stockwell
Transform

Decision Tree Numerical 99.08

[17] 9 Variational
mode decom-
position

Statistical base Simulation 99.38

[23] 8
events
and
their
combi-
nations

Stockwell
Transform

Convolutional
Neural Net-
work

Programmable
ac power sup-
ply

98.25

Proposed
method

15
exclu-
sively
dif-
ferent
events

MM PCA based
SVM

Practical Ex-
perimental
setup

99.30
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C1 80 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C2 0 80 0 0 0 0 0 0 0 0 0 0 0 0 0

C3 0 0 80 0 0 0 0 0 0 0 0 0 0 0 0

C4 0 0 8 72 0 0 0 0 0 0 0 0 0 0 0

C5 0 0 0 0 80 0 0 0 0 0 0 0 0 0 0

C6 0 0 0 0 0 80 0 0 0 0 0 0 0 0 0

C7 0 0 0 0 0 0 80 0 0 0 0 0 0 0 0

C8 0 0 0 0 0 0 0 80 0 0 0 0 0 0 0
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Figure 3.27: Confusion matrix of proposed classifier on all events
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• Eleven disturbances: DFA characteristics were considered as fea-
tures followed by dimensionality reduction using PCA. A very ro-
bust ML, 1-NN gave 97.18% accuracy.

• Thirteen distinct disturbances: CNN-based classifier with tuned
hyperparameters provides 98.46% accuracy.

• Fifteen distinct disturbances: For feature extraction and dimen-
sionality reduction, mathematical morphology (MM) and PCA
have been used. Finally, quadratic kernel function-based SVM
were modelled with 99.3% accuracy.

128



CHAPTER 4

Classification/Identification of
Multiple Power System Disturbances

4.1 Introduction

Fast and accurate detection of power system disturbance-creating
events is very much essential for the safe and reliable operation of to-
day’s power distribution network. This task becomes more challenging
when two events occur simultaneously. Here, a few normal events like
switching, load changing, all feasible faults, and five dual events have
been considered. In this chapter, three deep learning network-based clas-
sifiers have been proposed to classify the events. The methodologies and
their implementations have been presented in three sections according
to the increasing number of considered events.

4.2 Classification of Multiple PSD Events us-

ing CNN-Aided Tailored BiLSTM Model

All acquired disturbance signals are allowed to go through three ma-
jor stages. At the initial stage, signal-to-image conversion takes place
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using continuous wavelet transform (CWT) followed by a couple of con-
volution operations for feature extraction, and then, the extracted time
series data have been fed to the input of Bidirectional Long Short Term
Memory (BiLSTM) module. Finally, the softmax output classifier has
been applied. Few other popular classifiers have also been studied for
comparison. Using this proposed method, 98.57% accuracy has been
achieved considering twenty-one feasible events.

The microgrid-based distribution network is one of the major solu-
tion to power shortage and uncertainty in the modern power industry
due to the numerous advantages of having distributed generators (DGs)
as the main source of energy, in terms of environmental issues, reliability,
loss reduction factor and node voltage profile [62]. The inclusion of mi-
crogrids in power distribution networks offers sustainable development
by utilizing renewable energy [109], [12]. In such a DG-based distribu-
tion network, due to some normal power system operations along with
some conventional faults, sudden changes in node voltages and line cur-
rents are likely to occur and create power system disturbances (PSD).
This PSD causes the malfunction of electrical appliances and equipment
resulting in the interruption of quality power supply to the consumers.
To mitigate these problems, power system protection requires fast detec-
tion of the causes and their accurate classification for suitable measures.
These tasks become challenging because of the diversity in generation
technology and the increased complexity of power electronics device in-
terfaced generation unit [109], [27]. In this context, several researches
are going on to identify the different types of power system disturbances
[110]-[112]. In [110], authors have reported the deep learning method
for the identification of islanding, fault, and other power quality distur-
bances. The authors in [111] have proposed the deep convolutional neu-
ral network to classify the power quality disturbances. The articles [64]
and [28] ensure the effectiveness of deep learning techniques to address
fault detection and fault type classification. In addition to the afore-
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mentioned disturbance types, the high impedance fault (HIF) has been
considered an important disturbance event and given priority in [112].
The switching transient detection (i.e. capacitor and reactor switching,
linear and nonlinear load switching) has been addressed in [109], [113].
It is to be mentioned here that, the PSD classification is an important
task for reliable and continuous power supply. In this scenario, several
researches are going on multiple PSD classifications where the method-
ology has been developed based on software-generated synthetic signals
[111]-[113]. However, the entire methodology (i.e. training, testing) of
the PSD classification based on practical signals is a challenging task for
the researchers. In this context, an attempt has been made to develop
a suitable methodology for sensing the different PSD events based on
real-life test signals.

In the process of classification, a few significant features are required
to develop the classifier model. There are several methods for extracting
useful features, convolution neural network (CNN) is one of the popular
ones because of its auto-feature extraction capability [114]-[116]. It is
to be mentioned here that, CNN works on images that are generated
by converting the recorded signal using continuous wavelet transform
(CWT) [114]. In addition, CNN is considered a powerful tool for feature
extraction because of the facility of batch normalization in each con-
volution layer as in [115]. In [116], authors have reported CNN based
technique for the classification of different faults. Besides that, CNN-
based deep learning methods have been utilized in the field of biomedical
signal processing, hand sign recognition and human movement classifi-
cation etc. [117]-[119]. In [23], the CNN-based deep learning method
has been reported in the area of power quality study. In the same area,
the researchers reported the CNN method integrated with the BiLSTM
network. In addition, it shows that the CNN can provide automated
features and can generate the time series data which provides the ad-
vantageous result with BiLSTM network [115], [120]-[122]. Apart from
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that, a feed-forward neural network is useful for pattern recognition as
stated in [123]. All the feed-forward neural networks, i.e. CNN, RNN,
and PNN have been studied and analyzed in [120].

In this work, a CNN-BiLSTM network has been proposed to identify
different PSD events. For this purpose, 21 different PSD events have
been created separately and disturbance signals have been sensed using
a data acquisition system (DAS). It is to be mentioned here that, five
dual events are included in those 21 PSD events, which have not been
studied before. At first, the convolution neural network (CNN) algorithm
has been applied to the real-life signals of the PSD events for significant
feature extraction. Thereafter, a new BiLSTM-based RNN has been
proposed to identify and classify all possible PSD events that happen
in microgrids including dual events. The computational complexity due
to the combined effect of convolution, sequencing modelling and neural
network (NN) hidden layers, necessitates huge memory, long training
time and minute hyperparameter tuning. Finally, the performance of
the proposed scheme has been validated class-wise by computing the
confusion matrix.

4.2.1 Methodology of Multiple Power System Dis-
turbance Events Identification

The operations at different stages are given in the preceding sections.

4.2.1.1 Data Acquisition

For the generation, sensing and recording of signals, a test setup com-
prising of a generator-prime mover set, signal sensing & data acquisition
system, and disturbance-producing arrangement, have been prepared as
shown in Figure 2.1 of Chapter 2, Section 2.1.1.1.

Using this experimental setup, twenty-one different classes of distur-
bances under three major categories have been created using Solid State
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Table 4.1: Category-wise twenty one events

Sw itching and 

load changing 

events

D ua l 

Events
Faults

C 1: C apacitance switching 

C 2: O n load  islanding with generation 

equal to  load


C 3: O n load  islanding with generation 

greater than load


C 4: High impedance fault 

C 5: Induction motor (IM ) starting 

C 6: Islanding fo llowed by EV charging 

C 7: Islanding fo llowed by load  shading 

C 8: Islanding fo llowed by IM  starting 

C 9: Islanding fo llowed by open circuit 

C 10: Islanding fo llowed by single phasing 

C 11: Islanding at off load 

C 12: Double line fault 

C 13: Double line to  ground 

C 14: Three phase fault 

C 15: M echanical power interruption 

C 16: N on-  linear load  switching 

C 17: Reactance switching 

C 18: S ingle line to  ground fault with 

iso lated  neutral


C 19: S ingle line to  ground fault with 

grounded neutral


C 20: S ingle phasing 

C 21: S udden load  change 

M ajor ca tegorie s

Clas s es

Relay (SSR) and grid synchronizing Switches (GSS).
Category 1: Eight switching and load changing events
Category 2: Five dual events
Category 3: Eight line faults

All classes are mentioned in Table 4.1 clearly. 200 cases for each class
have been considered and a total of 4200 signals have been processed
further.
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4.2.1.2 Pre-processing of Recorded Signal Data

The Normalization and the filtration operations were performed on
each signal before they were converted to CNN-compatible three-channel
images using continuous wavelet transform (CWT).

Initially, the frequency content across the whole time span of each sig-
nal x(t) has been represented by a wavelet function Wx(α, β) in the form
of the scalogram using Equation (4.1), where ψ̂(t) is the dual function
of ψ(t). α and β are scale and shifting factors respectively.

Wx(α, β) =
1√
α

∫ ∞

−∞
x(t)ψ̂

(
t− β

α

)
dt (4.1)

The admissible constant Cψ as given by Equation (4.2) lies between zero
and infinity.

Cψ =

∫ ∞

−∞

¯̂
ψ(τ) ˆ̄ψ(τ)

|τ |
dτ (4.2)

4.2.1.3 CNN based Feature Extraction

For multi-class classification, distinct features of individual categories
are highly recommended for better performance of the classifier. Red-
green-blue (RGB) three-channel image provides the frequency informa-
tion of a signal for the full range of time. Convolution Neural Network
(CNN) has been used to extract deep and distinct features from the im-
ages as much as possible. After convolution with a suitable number of
kernel filters, resulting neurons carry all possible distinct features. Each
neuron helps in detecting a particular characteristic for a particular class
of events.

All 227× 227 pixels three-channel images have been fed to the input
layer of CNN for feature extraction after all the pixel values are normal-
ized. Here, CNN has been made of three sets of four layers – convolution,
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Figure 4.1: One set of feature extraction layers

batch normalization, ReLU operation, and max pooling as shown Figure
4.1.

4.2.1.4 Convolution using Kernel Filter

Each channel image was convoluted with a kernel filter. When the
B-channel image matrix, XB of W×H is convoluted with kernel k of
L×M with horizontal stride and vertical stride of S1 and S2 respectively,
it gives an output of size Wout×Hout.
Where,

Wout =
W − L

S1
+ 1 (4.3)

Hout =
H −M

S2
+ 1 (4.4)

The numerical values of the output matrix are obtained from Equa-
tion (4.5) for all the horizontal positions, from one to Wout, and vertical
positions, from one to Hout. The graphical representation of this convo-
lution operation is shown in Figure 4.2.

XB ∗ k =

L,M∑
l=1,m=1

S1+L,S2+M∑
i=S1,j=S2

XB(i, j).k(l,m) (4.5)

∀ ∈ 1, 2, ..... Wout and ∀ ∈ 1, 2, .....Hout.
Here, XB(i, j) is the pixel value of B-channel image at ith row and jth
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(c) R channel image (d) G channel image 
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𝑋𝐵(𝑖, 𝑗) 

(e) B channel image 

𝑘(𝑙,𝑚) 

(b) Kernel filter

(a)  Image 

* 

Figure 4.2: Three channel convolution operation with kernel filter

column; and k(l,m) is the kernel value at lth row and mth column.
Likewise, other channels are convoluted with the same kernels.

4.2.1.5 Batch Normalization

After the completion of the convolution for all training examples in a
batch of size NB , the feature maps of all neurons belonging to the same
channel have been normalized to minimize the co-variate shift making the
mean value zero and standard deviation to be one. A particular channel
contains similar feature neurons belonging to the training examples in a
batch as shown in Figure 4.3.

It results in causing the distribution of the features belonging to
the same class to be more or less the same. In the first step of batch
normalization, the element values of the feature vector are scaled to the
values ranging from zero to one using Equation (4.6).

ŷch =
ych − µch√
σ2
ch + ϵ

(4.6)
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(e) B channel image 
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Figure 4.3: Schematic diagram of channel-wise neurons for any layer of
all training samples in a batch

where, µch stands for mean value, σ2
ch is the variance of the neurons of

any channel and ϵ of very insignificant value has been added to avoid any
undefined term in case of any zero variance. The mean and the variance
are given by the following equations

µch =
1

NB × w × h

NB∑
n=1

w∑
i=1

h∑
j=1

(xch)n,i,j (4.7)

and

σ2
ch =

1

NB × w × h

NB∑
n=1

w∑
i=1

h∑
j=1

(
(xch)n,i,j − µch

)
(4.8)

∀ ch ∈ ch1, ch2, ........chP

Here, the size of each neuron is w×h, and the total number of channels
or the total number of neurons per example is P . n is sample index in a
batch, i and j are width and height indices of neuron, respectively.
Finally, the weights γ and the bias β are introduced as per Equation
(4.9) to get normalized output, zch.

zch = ŷchγ + β (4.9)
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4.2.1.6 Rectified Linear Unit operation

Rectified linear unit (ReLU) is a very commonly used activation func-
tion for any deep learning network to avoid any vanishing gradient prob-
lem and to optimize hyper-parameters at a faster rate. The resulting
neurons of ReLU are obtained as per the definition given in Equation
(4.10)

f(x) =

0 if x ≤ 0

x if x > 0

(4.10)

4.2.1.7 Maximum Pooling Operation

The pooling operation is performed after every convolution to reduce
the dimension of the feature map without losing feature characteris-
tics. The dimension of resulting feature map when f×f kernel moves
across the feature map (Hc ×Wc) with s stride as shown in Figure 4.4
is (Hc−f+1)

s × (Wc−f+1)
s × 3

H
c

W
c

f

f

s

s

Figure 4.4: Max pooling operation on RGB image
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Figure 4.5: Time series data processing in BiLSTM

4.2.1.8 Time-Series Data Preparation

It is necessary to prepare the data that are compatible with the input
layer of the classifier. Here, all feature maps are transformed into a single
1D vector to make this suitable for the input layer of Bidirectional Long
Short Term Memory (BiLSTM) which requires time-series data (TSD).

4.2.1.9 Classification by BiLSTM

Unlike conventional classifiers, feature maps are not directly fed to
the Recurrent Neural Network (RNN). The feature maps are flattened
to produce a single-column vector or sequence. As a result, NB training
samples from different classes provide NB number of sequential data,
which have been fed sequentially to our proposed BiLSTM-based RNN.
Unlike simple LSTM-based RNN, in BiLSTM, NB sequential data are
also fed in a reverse way to a different set of LSTM. The number of time
series data, T is exactly equal to the number of samples per batch, NB .
Here, a total of 128 layers of forward and backward LSTM (LSTMF

and LSTMB) sets have been considered. As shown in Figure 4.5, at any
instant of time (t) of training process, two inputs– one Xt being fed to
forward LSTM and other XT−t+1 fed to backward LSTM– have been
processed to obtain short term (ST) information (h and h′) and long
term memories (LTM) or cell state (C and C ′) which have resulted in
modifying learnable parameters and thus reaching convergence at faster
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Figure 4.6: An LSTM architecture in lth layer at tth time

rate.

Here, in Figure 4.6, a single LSTM module comprising of all input
and output cell states (C(l, t), C ′(l, t)) and hidden state(h(l, t), h′(l, t))
along with the intermediate quantities in lth layer at tth time has been
shown. In this module, ST and LTM are formed using the outputs
of three gates- forget, input, and output gates. The output of output
gate f(l, t) has been obtained taking sigmoid (σ) of weighted Wf (l, t)

sequence resulting from recent memory (h(l, t − 1)) and current input
(input(l, t)) with bias terms (bf (l, t)) as given in Equation (4.11). Cell
state C(l, t) is influenced by input gate and forget gate output as given in
Equation (4.12). Hidden state h(l, t) is influenced by input, output, and
updated cell state as given in Equations (4.13), (4.14), (4.15) and (4.16).
The expression for cell state and hidden state for backward LSTM in
lth layer and at tth time are given in the similar manner. All quantities
would be replaced by the same nomenclature with a ”′” symbol. i.e f
by f ′, C by C ′ and so on.

The full BiLSTM architecture is given in Figure 4.7. For the first
layer, at time t, the variable, input1 to the forward LSTM is Xt and
that (input2) for backward LSTM is XT−t+1. In all the layers, other
than the first layer, forward LSTM input (input1) is the hidden state
h′(l − 1, t) of backward LSTM in the previous layer and input to the
LSTMB (input2) is the hidden state h(l − 1, t) of the LSTMB in the
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previous layer.

f(l, t) = σ (Wf (l, t).[h(l, t− 1), input(l, t)] + bf (l, t)) (4.11)

C(l, t) = f(l, t) ∗ C(l, t− 1) + i(l, t) ∗ C̃(l, t) (4.12)

i(l, t) = σ (Wi(l, t).[h(l, t− 1), input(l, t)] + bi(l, t)) (4.13)

C̃(l, t) = tanh (Wc(l, t)[h(l, t− 1), input(l, t)] + bc(l, t)) (4.14)

o(l, t) = σ (Wo(l, t)[h(l, t− 1), input(l, t)] + bo(l, t)) (4.15)

h(l, t) = o(l, t) ∗ tanh(C(l, t)) (4.16)

The algorithm of the proposed BiLSTM applied to T number of time
series sequential data is given in Table 4.2. T sequential outputs are fed
to the fully connected (FC) layer of 21 neurons. Softmax activation
applied on FC gives probabilities of output classes.

4.2.2 Results and Discussion

As mentioned in Chapter 2, Section 2.1.1.1, 21 different types of
disturbances, 200 events of each type, have been generated. A total of
4200 currents have been sensed and recorded for the detection of the type
of disturbances. Every component and their sizes and numbers at every
stage starting from data acquisition to the final prediction are indicated
in Table 4.3. The results in all stages have been presented sequentially.
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Table 4.2: BiLSTM Algorithm

Input: T or NB number of time series data (X(1), X(2), .....X(T ))

Output: output(t) ∀ t

Initialize : C(l, 0), h(l, 0).C
′
(l, 0), h

′
(l, 0) for all layers

Do for t = 1 : T

input1=X(t); input2=X(T − t+ 1)

Do for l = 1 : 128

Determine C(l, t) , h(l, t) , C ′(l, t) and h′(l, t)
[C(l, t) h(l, t)] =function(C(l, t− 1), h(l, t− 1), input1)

[C ′(l, t) h′(l, t)] =function(C ′(l, t− 1), h′(l, t− 1), input2)

(using Equations from (4.11) to (4.16))
input1=h′(l, t)
input2=h(l, t)

end
output(t)=concatenate(input1, input2)
end
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Signal

Scalogram Image R-channel image

G-channel image

B-channel image

Figure 4.8: Signal to RGB three channel image formation

4.2.2.1 Data Acquisition and Processing Stage

At the initial stage, 4200 three-channel images of size 4200 three-
channel images of 227×227 pixels were generated using CWT, as pre-
sented in Table 4.3.

Here, in Figure 4.8, the step-by-step signal to RGB image formation
has been shown for a single case of sudden load change category (i.e.
C21). The current signal clearly indicates the sample points after 1000
decreased due to the decrease in load demand. The frequency contents
throughout the sample window have been shown in the Scalogram. Its
image, and respective red, green and blue components have also been
shown in Figure 4.8.

Additionally, one image from each of the switching, dual event, fault,
and load change groups is shown in Figure 4.9.

4.2.2.2 Feature Extraction Stage

In this stage, all 227× 227 pixels three-channel images have been fed
to the input layer of CNN for feature extraction after all the pixel values
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Figure 4.9: CWT Image output of four signals for (a) capacitance switch-
ing (b) islanding followed by EV charging (c) high impedance fault (d)
sudden load change

are normalized. The convolution operation with 3 × 3 kernel on three
images obtained from an event of islanding with generation equal to load
is shown in Figure 4.2. In the first stage of convolution, a total of 64
kernel filters at 2×2 pixel stride rate produce 113×113 feature maps
using Equations (4.3), (4.4) and (4.5).

After three convolution operations followed by the last max pooling
operation, 128 feature neurons of 8×29 have been generated. Sequential
data of 29696 size for feeding to the BiLSTM classification layer has been
prepared using faltten operation.

4.2.2.3 Classification Stage

A total of 33 neurons from 33 examples of each batch have been
generated after BiLSTM operation. These 33 outputs converge to 21
neurons at the fully connected layer after they are multiplied by weights
and added with bias. The softmax activation applied on these neurons
gives the probability value. The class having a higher probability value
will be the predicted class. The variation of the accuracy and loss func-
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Table 4.3: Stage-wise parameters and their values

Stages Paprameters Value/Size
Classes 21

Data Acquisition
and Processing

Current
Signals

21×200=4200

CWT output
Images

227×227×3

Input Image Layer 227×227×3
1st Convolution
Layer

Filter Size 3×3 ,
Number=64, Stride 2×2

1st Max
Pooling Layer

kernel size 2×2 ,
Stride 2×2,
Output : 114×114×64

Feature
Extraction

2nd Convolution
Layer

Filter Size 3×3 ,
Number=64, Stride 1×1

2nd Max
Pooling Layer

kernel size 4×2 ,
Stride 4×2,
Output: 29×57×64

3rd Convolution
Layer

Filter Size 3×3 ,
Number=128, Stride 1×1

3rd Max Pooling
Layer

kernel size 4×2 ,
Stride 4×2,
Output: 8×29×128

Flatten Layer Sequential
Output size: 29696

BiLSTM

Hidden Layers: 128 ,
Output Mode :Last,
State Activation
Function: tanh,
Gate Activation
Function: sigmoid

Classification Fully Connected
Layer

21

Output
Classifier

softmax

Loss Function Cross Entropy
Optimizer sdgm

Training
Parameter

Batch Size 33

Epoch 6
Learning Rate 0.008
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tion with iteration count has been shown in Figure 4.10. At the end of
all 6 epochs and 600 iterations, an overall accuracy of 98.57% has been
achieved and the objective loss function is seen to be approaching zero.

4.2.2.4 Performance Evaluation

Here, a few popular performance indices have been calculated from
the class-wise true positive (TP), true negative (TN), false positive (FP),
and false negative (FN) values. Initially, these values are obtained using
equations Equations (4.17) to (4.20) from the confusion matrices pre-
sented in Figure 4.11. In these matrices, j indicates the prediction class
index, i stands for the actual class index, and Ci,j is the value at ith

row and jth column. The calculated values of TP, TN, FP and FN have
been given in Table 4.4. Besides a few indices like accuracy, precision,
F1-score, sensitivity and specificity derived from TP, TN, FP and FN,
using formulae given from (4.21) to (4.25) have also been calculated.
Figure 4.12 depicts each Machine Learning performance indices for all
21 classes. The accuracy and specificity are nearly 100%. The precision
level of class C3 is 90%, the lowest among all.

4.2.2.5 Comparison with Benchmark Methods

This proposed CNN-based feature extraction and BiLSTM-based pre-
diction method has been compared with other popular deep learning
methods as shown in Table4.5. The feature has been extracted in two
different ways i.e. CNN and Alexnet. The proposed BiLSTM predic-
tion model has been compared with benchmark machine learning (ML)
and deep learning (DL) techniques. The accuracy level of the proposed
method is 1% to 1.5% higher as compared with the CNN-based LSTM,
CNN-based quadratic SVM, AlexNet and AlexNet-based narrow neural
network (NNN).
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Figure 4.10: (a) Accuracy and (b) loss curve of proposed method

TPk = Ck,k (4.17)

FNk =

N∑
i=1(i ̸=k)

N∑
j=1(i ̸=k)

Ci,j (4.18)

TNk =

N∑
i=1,i̸=k

Ci,k (4.19)

FPk =

N∑
j=1,j ̸=k

Ck,j (4.20)

Accuracyk =
TPk + TNk

TPk + TNk + FPk + FNk
(4.21)

Precisionk =
TPk

TPk + FPk
(4.22)

F1− Scorek = 2× Precisionk ×Recallk
Precisionk +Recallk

(4.23)
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C1 40 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C2 0 40 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0

C3 0 0 36 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C4 0 0 0 39 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C5 0 0 3 0 38 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C6 0 0 0 0 0 40 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C7 0 0 0 0 0 0 38 0 0 0 0 0 0 0 0 0 0 0 0 0 0

C8 0 0 0 0 0 0 0 40 0 0 0 0 0 0 0 0 0 0 0 0 0

C9 0 0 0 0 0 0 0 0 40 0 0 0 0 0 0 0 0 0 0 0 0

C10 0 0 0 0 0 0 2 0 0 40 0 0 0 0 0 0 0 0 0 0 0

C11 0 0 0 0 0 0 0 0 0 0 40 1 0 0 0 0 0 0 0 0 0

C12 0 0 0 0 0 0 0 0 0 0 0 39 0 0 0 0 0 0 0 0 0

C13 0 0 0 0 0 0 0 0 0 0 0 0 39 0 0 0 0 0 0 0 0

C14 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0 0 0 0 0 0

C15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0 0 0 0 0

C16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0 0 0 0

C17 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0 0 0

C18 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0 0

C19 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 0 0

C20 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 39 0

C21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 40
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10C11C12C13C14C15C16C17C18C19C20C21
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Figure 4.11: Confusion matrix for evaluation of class-wise performance

Table 4.4: Class wise performance indices

Class TP TN FP FN Class TP TN FP FN
C1 40 800 0 0 C11 40 799 0 1
C2 40 799 0 1 C12 39 800 1 0
C3 36 798 4 2 C13 39 800 1 0
C4 39 800 1 0 C14 40 800 0 0
C5 38 797 2 3 C15 40 800 0 0
C6 40 800 0 0 C16 40 800 0 0
C7 38 800 2 0 C17 40 800 0 0
C8 40 800 0 0 C18 40 800 0 0
C9 40 800 0 0 C19 40 799 0 1
C10 40 798 0 2 C20 39 799 1 1

C21 40 799 0 1
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Figure 4.12: Class wise performance indices

Sensitivityk =
TPk

TPk + FNk
(4.24)

Specificityk =
TNk

TNk + FPk
(4.25)

4.2.2.6 Performance in Noisy Environment

The performance of the proposed method has also been evaluated in
a noisy environment. The noise level has been varied from 60 dB signal-
to-noise ratio (SNR) to 20 dB SNR, and the corresponding accuracy
level and their relative computational time (RCT) have been observed
and presented in Table4.6. It has been observed that each 10dB SNR
decrement causes around 1% accuracy fall without any significant change
in RCT. Here, RCT value in the case of no noise is taken as unity i.e. 1
pu. At the highest noise level of 20 dB SNR, the accuracy still appears
to be more than 90%.

The accuracy under different training to test ratios and noise levels
up to 40 dB has also been determined to obtain the overall accuracy to
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Table 4.5: Comparison with other methods

Extraction
Method

Prediction
Model

Acc.
(%)

Extraction
Method

Prediction
Model

Acc.
(%)

CNN LSTM 97.14 Alexnet 6th
FC output

Naïve
Bayes

79.8

CNN KNN 96.3 Alexnet 6th
FC output

Subspace
KNN
Ensemble

96.9

CNN SVM
(Linear)

95.5 Alexnet 6th
FC output

Fine Tree 87.8

CNN SVM
(Quadratic)

97.6 Alexnet 6th
FC output

Narrow
Neural
Network

97.6

Alexnet Alexnet 97.14 Proposed
CNN

BiLSTM 98.57

* FC : Fully Connected Layer

consider the presence of noise in the system. The accuracy at different
combinations of training to test ratios and noise levels has been shown in
Table 4.7. The average values and respective standard deviations have
also been calculated. With 80% training set, the overall accuracy of
97.266% has been achieved with a standard deviation of ± 1.65.

Here, a few other state-of-the-art methods presented in the recent
articles in the same field have been investigated and compared with
this work as given in Table 4.8. There are very few works where such
diverse types of experimentally generated disturbance signals have been
considered.
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Table 4.6: Performance of the proposed method at different noise levels

SNR Accuracy (%) RCT (pu)
without noise 98.57 1.000

60 dB 97.50 1.025
50 dB 95.24 1.175
40 dB 94.64 1.125
30 dB 93.57 1.100
20 dB 92.74 1.075

Table 4.7: Accuracy variation with training to test ratio and noise level
variation

Noise levelTraining/
test

Practical
signal 90dB 80dB 70dB 60dB 50dB 40dB

Avg. Std.
dev.

80/20 98.57 98.57 98.52 97.82 97.5 95.24 94.64 97.266 ±1.65
70/30 98.57 98.57 97.64 97.23 97.64 95.00 94.31 96.994 ±1.68
60/40 97.11 97.02 97.02 97.08 95.18 94.81 92.41 95.804 ±1.79
50/50 97.03 97.02 97.01 97.01 95.1 93.00 91.14 95.330 ±2.40

– 97.82 97.795 97.548 97.285 96.355 94.51 93.13 96.349 ±1.84

Table 4.8: Comparison with recent state-of-the-art methods

Ref. Method used No. of classes
and type

Accuracy
(in %)Feature

extraction
Classification

[27] MTCDN DNN 8, Practical 98.3

[28]
MCEE-
MDAN+
CGAN

CNN 10, Practical+
Generated

75 to
99.50

[23] ST CNN 37, Synthetic 98.25

[71] CWT
Customized

AlexNet
CNN

13, Practical 98.46

This
paper

CNN BiLSTM+NN 21, Practical 98.57
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4.3 Classification of Multiple PSD Events us-

ing Recurrence Plots Based Customised

CNN Model

This work proposes a Recurrence Plot (RP) based customized con-
volution neural network (CNN) method for the power system distur-
bance classification of (Distributed Generation) DG-based networks. All
feasible disturbance-creating events including faults, different switching
events and dual disturbances have been considered here. The proposed
method has been applied to the disturbance signals generated from a
laboratory-based experimental setup of DG. Those signals were con-
verted to RP images to train the CNN algorithm. In addition, recurrence
quantification analysis (RQA) was performed to train the Support Vec-
tor Machine (SVM) simultaneously for comparison. Performance indices
have been estimated to validate the proposed method. This algorithm
has also been tested under highly noisy conditions and performs satis-
factorily.

The Indian power system paradigm has already been shifted from
centralized generation technology to distributed generation (DG) due
to several apparent issues stated by the International Energy Agency
(IEA) [124]. It is also important to explore renewable energy generation
technology to address environmental issues in the modern era. Those re-
newable energy units can be used as DGs in power distribution networks
[125]. However, several new complications arise in a DG-based network
in terms of a changed voltage profile, increased short circuit level, power
losses, voltage transient, etc., which affect the protection and stability
of the power system [11] and [126]. System stability hampers due to
the failure of reactive power management, which may occur in the case
of DG-based systems since DGs consist of induction generators, which
usually can’t provide reactive power. Therefore, DG units require a
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power electronics interface to compensate for the reactive power, and
consequently, power quality degrades [11]. The advancement is also nec-
essary for designing the protection scheme of this type of network to cope
with the increased short circuit level and bidirectional current flowing
[11],[125]. Frequently, DG operates in islanding mode, which also creates
power quality issues. Due to those mentioned issues, the power system
disturbance study must be revised so that a DG-based network can send
uninterrupted and high-quality electrical power. The very fast detection
and classification of all feasible power system disturbances that create
such complicated situations, mentioned above, are mandatory for sta-
ble DG-based power system operation. This classification study is very
difficult when a huge variety of disturbances are considered, including
situations of multi-disturbance, i.e., different categories of disturbance
happen at the same time [71]. This study is significant to avoid unnec-
essary interruptions due to the maloperation of protective devices and
to make the protection system of the DG network more sensitive to the
causes of the disturbances but not the effects of the disturbances. It is
possible when the source or cause of disturbances is classified. Classifi-
cation of different types of faults, islanding and non-islanding transients,
switching transient disturbances, and different power quality issues have
been studied in several research articles [127]–[133]. However, none of
the feasible disturbances were considered in those studies. Most articles
consider a lower number of single events for real-time signal classifica-
tion, and when higher events or multiple events are considered, the sig-
nals are generated synthetically. A few authors studied a higher number
of real-time signals. However, all the dual disturbances have not been
considered in that article either. This classification study considered 24
disturbance events, including 19 single and 5 dual events. The feature ex-
traction process is based on the recurrence plot (RP) method in the pro-
posed method, as in [132]. The RP carries much significant information
about the nonstationary signals, and this RP method uses the proper-
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ties of a deterministic dynamical system [133] and [134]. All the dynamic
characteristics of the system can be determined using this RP-based fea-
ture extraction method [134]. Hence, this visualization tool is used for
feature extraction in different areas of application, i.e., [133]–[136]. The
benefits of using RP-based methods in power quality disturbance anal-
ysis studies have been described in [137]. The theory of RP, stated in
[138], to visualize the time series data of a complex dynamical system
has been applied in this study. A convolutional neural network (CNN)-
based classifier has been trained using the RP of different disturbance
signals in this study. Recurrence quantification analysis (RQA) has been
applied initially to train SVM classifiers. But the results are not satisfac-
tory. A very good result has been obtained when the features are used
in image form. Better classification accuracy can be achieved by using
this RP to train the CNN compared to the use of continuous wavelet
transform-based image formation to train the CNN [71]. The authors
in [139] have also shown the efficacy of the combination of the RP-CNN
method to identify faults in rolling bearings. This proposed RP-based
CNN algorithm for the classification of all feasible power system distur-
bances in a DG-based network has been validated using real disturbance
signals recorded from an experimental setup in a power system labora-
tory, maintaining all standard specifications. A very satisfactory result
has been achieved with 98.91% accuracy. All the results are furnished
and analyzed in Section 4.3.2.

4.3.1 Methodology of Multiple Power System Dis-
turbance Events Identification

The methodologies and their implementations are presented in the
following sections.
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4.3.1.1 Real Time Signal Generation

A test bench has been prepared to create disturbance signals for all
24 events, as shown in Figure 2.1 and Figure 2.2 of Chapter 2, Section
2.1.1.1.

For each event, 200 disturbance signals were created. All 24 events
considered here fall into three major groups as categorised in Table 4.9.
Here, nine normally occurring power system operations have been con-
sidered (E1 to E9). These all create transients in voltage and current
waves for three to five cycles. Besides, islanding operations at three
different loading conditions (E7, E8 and E9) have also been included
in this work, which are common occurrences in the DG-based power
system.

Under the second broad category, all usual power faults (E10 to
E17). In addition to those faults, the input machine shaft power in-
terruption (E18) due to the valve failure, breaking of shaft and shaft
eccentricity has been considered here. The high-impedance fault (HIF,
E19), the detection of which is challenging for power engineers, has also
been given priority in this work. All events from E20 to E24 in the
third category have been created operating two events simultaneously
which is another challenging task in this work.

4.3.1.2 Proposed Methodology

After acquiring all the disturbance signals in discrete form, data nor-
malization has been carried out. The composite work plan has been
depicted in Figure 4.13. As mentioned in the plan, all normalized data
sets have been used to calculate the recurrence plot (RP) matrices. From
their three-dimensional RGB images, feature maps were generated us-
ing convolution, and finally, the deep neural network-based classifier was
trained. In addition, a recurrence quantification-based feature matrix
has also been developed to design a machine-learning-based classifier for
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Table 4.9: All considered power system events

Broad Cate-
gories

Events

E1–E9: Normal
events

E1: Capacitance switching, E2: Reactor switch-
ing, E3: Non-linear load, E4: Sudden load change,
E5: Electric vehicle (EV) charging, E6: Induction
motor starting, E7: Islanding at no load, E8: Is-
landing with generation equal to local load, E9:
Islanding with generation greater than local load

E10 – E19:
Faults

E10: Single line to ground (SLG) fault, E11: SLG
with neutral grounded, E12: Line to line fault
(LL), E13: LL with ground fault, E14: No load
three phase (LLL) fault, E15: LLL with resistive
load, E16: LLL with inductive load, E17: Single
phase loading, E18: Input mechanical power fail-
ure and E19: High impedance fault (HIF)

E20–E24: Dual
events

E20: Islanding and EV charging, E21: Islad-
ing and load shedding, E22: Islanding and mo-
tor starting, E23: Islanding and open circuit, and
E24: Islanding and single phasing

Disturbance 

Signal Creation

Normalization

Recurrence 

Plot (RP)

RP RGB Images Recurrence 

Quantification 

Analysis based 

Feature Extraction Feature 

Extraction using 

Convolution  

Customized 

Deep Neural 

Network based 

Classification

SVM based 

Classification

Figure 4.13: The composite block diagram for RP-based classification
using CNN
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comparison with the proposed CNN model. The major stages, i.e., RP
generation, the development of feature maps, and the training of classi-
fiers, have been dealt with in the subsequent sections.

4.3.1.3 Recurrence Plot Generation

Feature extraction is the initial part of any classification problem.
Here, a novel technique has been adopted for the better realization of
the data sets to ease the extraction process.

The time series data has been visualised in the form of a recurrence
plot (RP). For normalized signal data,X = [X0 X1 . . . Xi . . . Xj . . . XN−1],
the recurrence behaviour of a state Xi in phase space has been denoted
by the element of RP matrix. Xi and Xj are two different states of the
time series dataX as shown in Figure 4.14. Two arbitrary data pointsXi

xi

xj

x
i

x
j

Rij

Rjj

Rii

Rji

Figure 4.14: Recurrence plot formation

and Xj have been shown in the enlarged views of a very small region of
the data set along row and column. The distances between any two data
points are calculated using Equation (4.45) to form a recurrence plot.
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The easiest way of theoretical understanding is to place the same data
set along the row and column and to find all self and mutual distances.
Using Equation (4.45), the entries of N×N RP matrix are obtained by
applying the Heaviside function on those distances with a constant cut-
off (ϵ) known as threshold distance. The element of RP, Rij at ith row
and jth column is given by the following equation.

Rij = H (ϵ− ||Xi −Xj ||) (4.26)

where, i and j both are from 0 to N − 1, ϵ is threshold distance, ||.|| is
Euclidean norm, and H is Heaviside function.

4.3.1.4 Recurrence Quantification Analysis (RQA)

The RP is characterized by a few indices that clearly indicates the
recurrence behavior of a signal. These are as follows.

4.3.1.4.1 Recurrence rate:

RR =
1

N2

N∑
i,j=1

Ri,j (4.27)

4.3.1.4.2 Determinism:

DET =

∑lmax

l=lmin
lp(l)∑lmax

l=l0
lp(l)

(4.28)

Where, p(l): histogram of the length (l) of diagonal lines.

4.3.1.4.3 Ratio:

RATIO =
DET

RR
(4.29)
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4.3.1.4.4 Average length of the diagonal lines:

L =

∑lmax

l=lmin
lp(l)∑lmax

l=lmin
p(l)

(4.30)

4.3.1.4.5 Entropy:

ENTR = −
lmax∑
l=lmin

p(l) ln p(l) (4.31)

4.3.1.4.6 Largest Diagonal Line:

lmax = max (li ; i = 1, 2, . . . N) (4.32)

4.3.1.5 Convolution-based Feature Extraction

The pixel values of all 227×227 Red-green-blue (RGB) three-channel
recurrence plots are normalized before they are fed to a convolution
neural network (CNN) to construct distinct feature maps. Each channel
image has been convoluted with suitable kernel filters [124]. When a
W ×H image is convolved with w×h kernel filter, the resulting feature
map gets the dimensions given by Equations (4.3) and (4.4) of Section
4.2.1.4.

4.3.1.6 Customized Deep Neural Network-based Classifica-
tion

The extracted feature maps are allowed to pass through the deep
neural network as modelled in [124]. This NN model comprises one
flattened and two dense layers followed by a softmax output classifier.
The layer-wise operation and resulting output shapes have been given in
the result section.
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4.3.2 Results and Discussion

As described in Section 4.3.1.2, from data generation to their final
classification, the outputs in each stage have been discussed sequentially
in this section.

4.3.2.1 Disturbance signals

After the normalisation, one disturbance signal from each of the 24
events has been depicted in Figure 4.15. In this figure, signals for three
broad categories have been shown separately. It is clear from the signals
that a few signals such as E2, E10, and E19 are very close to each other.
Besides, E22, E24, E11 and E5 have very slight differences and E3, E4,
E14, E15, E17 and E18 are similar with very insignificant differences.

4.3.2.2 Recurrence Plots

Though a set of signals is similar as mentioned in the earlier section,
their recurrence plots are a little bit different. The recurrence plots
(RPs) of all the previously mentioned signals have been presented in
Figure 4.16.

4.3.2.3 Recurrence Quantification Analysis

The histogram of the RP diagonal lines has been used to obtain
the quantification indices. In Figure 4.17, the histogram of RP for a
disturbance due to sudden load change is shown. A truncated version
of the recurrence quantification feature matrix has been shown in Table
4.10. This feature matrix has been considered for the classification using
the Support Vector Machine for comparison.

To distinguish the 24 typical events based on RP indices, all six RP
indices are shown in Figure 4.18. It is observed from the figure that the
dual events have the longest diagonal line compared to other events.
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E1
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E4
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E6

E7

E8

E9

E10

E11

E12

E13

E14

E15

E16

E17

E18

E19

E20

E21

E22

E23

E24

Number of data points Number of data points

Normal events Faults

Dual events

Figure 4.15: Recorded 24 disturbance signals one from each event

162



Mixed-event disturbance study

E1 E2 E3 E4 E5 E6

E7 E8 E9 E10 E11 E12

E13 E14 E15 E16 E17 E18

E19 E20 E21 E22 E23 E24

Figure 4.16: Recurrence plots (RP) for all 24 events

Table 4.10: 4800×6 recurrence quantification (RQ) feature matrix

Disturbances Q1 Q2 Q3 Q4 Q5 Q6
Event 

Type

D1 0.020955 0.604184 0.082154 0.178164 0.625718 0.000909 E1

D2 0.020316 0.623164 0.111284 0.152712 0.665648 0.00084 E1

D3 0.024784 0.686835 0.134737 0.089831 0.601412 0.000851 E1

D4799 0.223028 0.958634 0.48478 0.13082 0.093278 0.416273 E24

D4800 0.196048 0.947381 0.451602 0.107773 0.10487 0.464971 E24
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(a) (b) (c)

Figure 4.17: Recurrence Quantification analysis. (a) Disturbance signal
for sudden load change (E4), (b) its recurrence plot and (c) histogram
of diagonal line length
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Figure 4.18: Event-wise six recurrence indices

In this study, a total of 4800 disturbance signals and their respective
RP were created. At a time, 30 images are fed to the network in a
batch. As an optimizer, adaptive moment estimation (adam) has been
chosen. Figure 4.19 shows the loss function vanishes at 300 iterations
and the classifier’s validation accuracy reaches its saturation at 98.91%.
The total learnable parameters and memory requirement are 6449336
and 24.6 MB respectively.

In Figure 4.20, the outputs at every stage, from feature extraction to
final classification, are shown for three events in three major categories.
For instance, Figure 4.20(a) depicts that 227×227 RP for capacitance
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Figure 4.19: Training and validation accuracy and loss function variation
with iteration count

switching (E1) has been converted to red − green − blue (RGB) three-
channel image to make it compliant with convolution operation. 3 × 3,
16 kernel filters are convoluted with this RGB image and 227 × 227 × 16
feature maps are obtained. Then a max-pooling operation is performed
to simplify the maps to form 113 × 113 of the same number of maps. In
this way, three times convolution-max pooling operations are performed
and finally, a flattened layer of 50176 neurons is fed to the deep neural
network (DNN) and a softmax classifier is applied. Besides, a double
line to ground fault (E13) and a dual event of islanding followed by single
phasing (E24) have also been depicted in Figure 4.20(b) and (c).

4.3.2.4 Performance Evaluation

The most common event-wise performance indices, like true positive
(TP), true negative (TN), false positive (FP), and false negative (FN)
are calculated from the confusion matrix shown in Figure 4.21 using the
formulae given from (4.21) to (4.25) of Section 4.2.2.4.

Here, j indicates the prediction event index, i stands for the actual
event index, and ci,j is the value at ith row and jth column. Figure 4.22
depicts performance indices for all 24 events.
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Figure 4.20: Feature extraction and classification from recurrence plot
(RP) for (a) capacitor switching (E1) (b) double line to ground fault
(E13) and (c) dual events of islanding and load shedding (E24)

E1 100 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E2 0 100 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E3 0 0 98 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E4 0 0 0 99 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E5 0 0 0 0 88 13 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E6 0 0 0 0 12 86 0 0 12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E7 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E8 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E9 0 0 0 0 0 1 0 0 88 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E10 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E11 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0 0 0

E12 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0 0

E13 0 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0

E14 0 0 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0 0

E15 0 0 1 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0 0

E16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0 0

E17 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0 0

E18 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100 0 0 0 0 0 0
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E22 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 88 0 0

E23 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100 0

E24 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 96
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Figure 4.21: Confusion matrix
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Figure 4.22: Event-wise six performance evaluation indices

The proposed classifier has been tested for different training data
and has been compared with other benchmark machine learning and
deep learning techniques, as shown in Table 4.11.

Table 4.11: Variation of accuracy concerning percentage of training data

RQA+SVM RP+BILSTM Proposed RP+CNN

50% 79.04 95.96 97.25

60% 81.35 97.24 97.58

70% 82.09 97.85 97.97

80% 83.12 98 98.91

Validation accuracy (in % ) for different methodsPercentage of 

training data

The performance of the proposed classifier has also been observed
under various noise levels, and the results show its ability to perform
more than 97% under highly noisy conditions.

In this study, five multi-event disturbances were considered in ad-
dition to the single individual events and the classification tasks have
been carried out in two different parts. At the initial stage, twenty-one
mixed disturbances were successfully classified using the CNN-BiLSTM-
based RNN algorithm with 98.57% accuracy. At the end all twenty-four
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Table 4.12: Performance of the proposed method under noisy environ-
ment

SNR level (in dB) Accuracy (in %)
Without noise 98.91

80 98.72
60 98.05
40 97.89
20 97.79

mixed disturbances were considered. A Recurrence plot-based image
processing technique has been implemented for feature extraction and a
customised CNN algorithm was designed. An accuracy level of 98.91%
has been achieved and the proposed classifier performs the classification
task satisfactorily in high noise conditions.

4.4 Classification of Multiple PSD Events us-

ing DWT-DFA-RQA Features Employ-

ing UMAP Analysis

In this section, a total of 24 different power system disturbances
commonly occurring in the DG-based grid-connected network have been
detected. A category-wise visual representation on a 2D plane has been
provided using the Uniform Manifold Approximation and Projection
(UMAP) technique. This technique has been applied on a feature ma-
trix obtained from three signal-processing tools. Using Discrete Wavelet
Transform (DWT), statistical features of approximate and detail coeffi-
cients of each disturbance signal are merged with the features obtained
from Detrended Fluctuation Analysis (DFA) and Recurrence Quantiza-
tion Analysis (RQA) to form 4800 × 74 feature matrix along with the
labelled categories. The UMAP model has been trained by this labelled
feature matrix. This non-linear model helps to reduce the dimension of
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the problem and provides a categorical projection in the 2D plane. The
category-wise visual 2D representation clearly proves the effectiveness of
the model in identifying each class of power system disturbances.

In this context, several research works are going on for the analysis
of different power system disturbance events, faults and its classifica-
tion [140, 141, 65, 142, 71]. In [140], it has been reported about the
transmission line fault classification of a DG-based network using a deep
belief network and Discrete Wavelet Transform (DWT). Similarly, in
[141], the islanding and power quality disturbances of microgrid net-
works, consisting of PV generations, have been classified using a signal
processing-based regression classifier. In [65], the authors analysed the
multiple power quality disturbances by extreme machine learning tech-
nique which is based on morphological operation and kernel parameter
optimization. The power quality events of smart grids have been sensed
remotely and classified using AI tools, reported in [142]. A few pieces
of literature addressed the multi-disturbance classification, consists of
various faults, power quality situations, islanding, mechanical power in-
terruption, and switching transients, using machine learning methods.
A deep learning method based on customized Alexnet algorithm has
been reported in [71]. In the aforementioned articles, the researchers
have considered only single disturbance type events happened at a time.
However, in a practical scenario, an alarming situation may arise when
more than one type of disturbances happen at the same time. Hence,
it is also necessary to identify that condition and classify that events
from the other disturbance events. However, there are very few articles
in which those large numbers and categories of disturbance have been
studied.

In this study, a total of 24 disturbance classes have been consid-
ered and identified using Uniform Manifold Approximation and Pro-
jection (UMAP). It is completely a new idea for power system distur-
bance classification without using any deep learning-based classifiers.
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The UMAP can perform both dimensionality reduction and classifica-
tion tasks through data visualization [143]-[146]. Therefore, no machine
learning classifier is necessary for the classification job. The effective per-
formance of the UMAP algorithm requires a high-dimensional feature
matrix. Here, three different signal processing techniques—DWT, de-
trended fluctuation analysis (DFA), and recurrence quantification anal-
ysis (RQA) have been applied to extract a large number of features from
disturbance signals that are sensed by the data acquisition system in the
experimental setup. The signals have been decomposed through DWT
since most of the disturbance signals are non-stationary in nature. The
DWT coefficients provide significant information about each signal, as
in [147]- [150]. The trending features of each signal can be visualised
using DFA in a better way [72] and [74]. Recurrence plot (RP) indices
describing the repeatability of the states with some tolerances have been
included in the feature matrix to get in-depth information on time series
data [151] - [153].

4.5 Disturbance Signal Creation

In the process of experimentation, a 3 kW distributed Generator
(DG) operated from a DC shunt motor has been considered for supplying
power to different loads and also utilised for connecting with the main
grid as shown in Figure 2.1 of Chapter 2, Section 2.1.1.1.

In this study, the disturbances of different major categories have been
considered. A total of 24 different disturbance classes of events (D1 to
D24) have been created as tabulated in Table 4.13. Out of those, D1
to D9 fall under normal events, D10 to D19 fall in the fault category,
and D20 to D24 have been created by combining two events. For each
class, 200 events have been generated. A total of 4800 signals from 4800
events have been recorded for the analysis.

170



Mixed-event disturbance study

Table 4.13: All considered disturbance categories

Class
Code

Disturbance Type Class
Code

Disturbance Type

D1 kVAR greater
switching

D13 Two-line conductors
shorted with ground

D2 kVAR greater
switching

D14 3-phase fault at no load

D3 Power Electronic
Devices

D15 3-phase fault at heating
load

D4 Load Demand
Variation

D16 LLL fault with inductive
load

D5 Battery Charging D17 Sudden single phasing

D6 Rotating machine Starting D18 DG input power
interrupted

D7 Sudden islanding at
no load

D19 High Impedance
Fault (HIF)

D8
Sudden isolating
when load matches
with generation

D20 Sudden islanding with
Battery Charge

D9 Sudden isolating
when DG feeding Grid

D21 Sudden islanding with
Load Shedding

D10
Single Line to
Ground
Fault

D22 Sudden islanding with
IM starting

D11 SLG with star point is
solidly grounded

D23 Sudden islanding with
open circuit fault

D12 Any two lines shorted D24
Sudden islanding
with sudden
single-phasing
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Stored 
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Signal decomposition: DWT with

db1 mother wavelet up to 5th level

Detrended fluctuation analysis: 

Three window levels 

Recurrence quantification analysis:

Feature 

matrix

Parametric 

UMAP

Figure 4.23: Whole process of dimentionality reduction and data visual-
isation

4.6 Methodology

All the stored signals have been fed to three distinct algorithms as
shown in Figure 4.23. In the first algorithm, signals were decomposed
up to the fifth level using discrete wavelet transform (DWT) with db1
mother wavelet. In the second phase, Detrended Fluctuation Analysis
(DFA) has been conducted to obtain the trending profile of all signals
and at the final stage, recurrence qualification analysis (RQA) has been
used to obtain the recurrence features which as a whole describes the re-
peatability pattern of different discrete states of a signal. For each signal,
the features obtained from these three algorithms have been combined
together to form a 74-dimensional vector. A labeled featured matrix of
(4800× 74) has been fed to a suitably tuned Uniform Manifold Approx-
imation and Projection (UMAP) algorithm.

4.6.1 DWT-based Feature Extraction

The normalized discrete signal, X has been decomposed with the
help of db1 mother wavelet up to fifth order using Equations (4.33) and
(4.34)[147].

Aϕ[i0, j] =
1√
S

∑
n

x[n]ϕi0,j [n] (4.33)
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Dψ[i, j] =
1√
S

∑
n

x[n]ψi,j [n] (4.34)

Where S is the number of samples and equals 2i. i stands for the number
of transform levels. ϕ and ψ are scaling factor and wavelet function,
respectively, as indicated in Equations (4.35) and (4.36).

ϕi,j [n] = 2
i
2ϕ[2in− j] (4.35)

ψi,j [n] = 2
i
2ψ[2in− j] (4.36)

Therefore, each signal X comprises approximate and detailed coefficients
up to the fifth level as given in Equation (4.37)

X = Aϕ5 + Dψ1 + Dψ2 + Dψ3 + Dψ4 + Dψ5 (4.37)

In this study, ten statistical attributes for each decomposed component
have been considered. These are Maximum value, minimum value, peak-
to-peak value, mean, variance, standard deviation, median, rms, kurto-
sis, and skewness. The derived feature matrix, XDWT would have a
dimension of 4800× 60 for all 4800 events.

4.6.2 DFA-based Feature Extraction

Detrended Fluctuation Analysis (DFA) has been carried out to ex-
tract the trending features of each signal [72]. In this method, a trending
profile of any signal x(i) has been expressed using Equation (4.38).

y(k) =

k∑
i=1

x(i)− x̂ (4.38)

This trending profile y(k) has been divided into a number of non-overlapping
windows of size n, so that the product of n and s will be the nearest
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integer of N . (i.e. N ≥ n× s). The mean square fluctuation for window
z(n, p) is given by Equation (4.39)

z(n, p) =
1

n

s∑
p=1

n∑
i=1

yi,p (4.39)

The corresponding RMS value has been derived using Equation (4.40).

U(n) =

[
s∑
p=1

z(n, p)

] 1
2

(4.40)

The RMS value of this trending signal U(n) has been expressed in terms
of the power of the window size n as shown in Equation (4.41)

U(n) ∝ nα (4.41)

or, U(n) = Cnα (4.42)

taking loge,

logeU(n) = α logen+ logeC (4.43)

which reduces to,
y′ = αx′ + β (4.44)

This linear equation has been formed for three window-size regions,
as given in the Figure 3.4 of Chapter 3, Section 3.2.1.2. The line seg-
ments PQ, RS and TV are characterized by their slopes (αs, αm, αl),
intersections (βs, βm, βl) and the time series dimension (D). Thus, the
DFA-based feature matrix XDFA of 4800× 7 has been formed using the
formulae given in Figure 3.3 of Chapter 3, Section 3.2.1.2.
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xi

xj

Rij

Figure 4.24: Recurrence Plot formation

4.6.3 RQA-based Feature Extraction

Each time series data has been characterized by seven Recurrence
Plot (RP) indices, which in turn describe the occurrences of different
states in the acquired signal. The entry in the RP matrix corresponding
to ith and jth sample points (i.e. xi and xj) can be obtained using Equa-
tion (4.45) by applying Heaviside function (H) on the state difference
with a constant cut-off (ϵ) known as threshold distance [151].

Rij = H (ϵ− ||xi − xj ||) (4.45)

Here ||.|| is the Euclidean norm. The RP indices –recurrence rate (Q1),
determinism (Q2), ratio (Q3), average length of the diagonal lines (Q4),
entropy (Q5), largest diagonal line (Q6) are calculated using Equations
(4.27) to (4.32) of Section 4.3.1.4 and another index – laminarity (Q7) is
calculated using Equation (4.46). An RQA-based feature matrix XRQA

of 4800× 7 has been formed.
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4.6.3.1 Laminarity, Q7:

Q7 =

∑N
v=vmin

vp(v)∑N
v=1 vp(v)

(4.46)

Where vmin stands for minimum vertical length.
These three feature matrices, as mentioned in the three consecutive

subsections are combined together to form a complete feature matrix, X
of 4800× 74 with their respective classes placed at 75th column as given
in Equation (4.47).

X = [XDWT XDFA XRQA label]4800×75 (4.47)

4.6.4 Dimensionality Reduction and data visualiza-
tion by UMAP

An advanced state-of-the-art dimensionality reduction technique, known
as Uniform Manifold Approximation and projection (UMAP) has been
applied to visualize the data set in 2D. This technique involves the fol-
lowing two major steps.

4.6.4.0.1 Formation of Simplicial Structure: For each data point,
xi, the Euclidean distances of all the considered neighbors are calculated
and therefrom, the similarity scores have been evaluated.

The Euclidean distance between xi and xj is given by Equation
(4.48).

d(xi, xj) =

[
L∑
l=1

(fil − fjl)
2

] 1
2

(4.48)

Where, fik and fjk are kth feature of xi and xj data points, and d(xi, xj) =
d(xj , xi) ∀ i and j ∈ [1 to 4800], but i ̸= j.
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The relative edge values (wij) of xj with respect to xi point is given
using Equation (4.49).

wij = exp

[
−
(
d(xi, xj)− ρi

σi

)]
(4.49)

The similarity score for xi can be given by Equation (4.50).

wi =

k∑
j=1

exp

[
−
(
d(xi, xj)− ρi

σi

)]
(4.50)

Here, σi is Euclidean distance of the nearest neighbor from xi and it is
obtained using Equation (4.51)

ρi = min{d(xi, xj)} (4.51)

where 1 ≤ j ≤ k but, i ̸= j and ρi is a scaling factor and has been
tuned iteratively to a value so that the similarity score for each data
point becomes log2(k). As shown in Figure 4.25, all the data points
have been arranged with respect to xi. Out of the considered 1500
neighbours, xi,n is the nearest neighbour at a distance d(xi,n) = ρi.
With an exponential kernel its similarity score with respect to xi is unity.
Beyond this nearest neighbour, this value decreases exponentially. The
scaling factor σi has been tuned after each iteration to ensure that the
sum of the similarity scores becomes 10.55 (i.e. log21500). Therefore,
the condition in Equation (4.52) has to be ensured.

1 +

1500∑
j=2

w
(r)
ij = log21500 = 10.55 (4.52)

A total of 4800 1-simplex graphs of 1500 data points are formed.
From these 4800, simplex graphs, a Fuzzy Simplicial set has been con-
structed using a fuzzy membership function as indicated in Equation
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Figure 4.25: Variation of similarity scores wij with scaling factor σi in
different iteration (r)

(4.53).

Fuzzy simplicial set =

N⋃
i=1

FinSing(X, wi) (4.53)

The combined edge weight matrix Wc is obtained using the merging
approach, according to which the combined edge weight is obtained by
subtracting the probability that no edge exists from the probability of
the edges that exist as given in Equation (4.54).

Wc = W + WT − W.WT (4.54)

4.6.4.0.2 Layout Optimisation: The simplicial set has been opti-
mized by comparing the edge probability matrices of high (H) and low
(L) dimensional sets.

H =



wh(1, 1) wh(1, 2) .. wh(1, 4800)

wh(2, 1) .... ... wh(2, 4800)

.... ..... ... ...

.... ..... ... ...

wh(4800, 1) ..... .... wh(4800, 4800)


(4.55)
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L =



wl(1, 1) wl(1, 2) ...... wl(1, 4800)

wl(2, 1) .... ..... wl(2, 4800)

.... ..... ...... ......

.... ..... ...... ......

wl(4800, 1) ..... .... wl(4800, 4800)


(4.56)

The loss function has been formulated using cross-entropy by comparing
the edge probabilities of H and L, as given in Equation (4.57).

L =

E∑
e=1

[
wh(e) log

wh(e)

wl(e)
+ (1− wh(e)) log

(1− wh(e))

(1− wl(e))

]
(4.57)

The first and second terms are called attraction force (push) and repul-
sion force (pull), respectively. The higher the edge probability between
two data points, the larger would be the attractive force, and the lower
would be the repulsive force. As a result, these two data points come
closer to each other. The reverse happens when edge probability de-
creases. For minimizing the loss function (L), the stochastic gradient
descent (SGD) method has been adopted.

4.7 Results

In this section, initially, the extracted features have been presented
sequentially and a composite feature matrix has been shown in brief. In
the later part, category-wise visual classification has been made.

4.7.1 DWT-based features

All 4800 stored signals were decomposed using discrete wavelet trans-
form (DWT) with the help of db1 mother wavelet up to the fifth level.
One normalized specimen signal (E1) for capacitance switching (D1)
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has been shown in Figure 4.26(a). For better visibility, the sample range
from 50 to 140 has been shown. From the detailed (DT1 to DT5) and
approximate (A5) coefficients as shown in Figure 4.26(b), the respective
histograms have been introduced in Figure 4.26(c). Therefore, the fea-
ture vector XDWT,E1 of dimension 60 has been formed by combining
10 statistical features for each of the six histograms. Thus, the derived
XDWT,E1 vector, so obtained, has been given in Equation (4.58)

XDWT,E1 = [0.0146 0.00057 0.01076 ..... − 0.00104]
T (4.58)

As an output of the DWT algorithm, 4800 such 60-dimensional vectors
(i.e. XDWT,E1 to XDWT,E4800) are obtained.

4.7.2 DFA-based features

Detrended fluctuation curves have been constructed for all signals,
considering three ranges of window numbers: 4≤ n ≤ 164, 164≤ n ≤ 324
and 324≤ n ≤ 484. Here, in the Figure 4.27(b), detrended fluctuation
curve has been shown for the event in the category D7 given in Figure
4.27(a) where the disturbance due to islanding has been shown. From
the detrended curve, all seven defined features (D,αs, αm, αl, βs, βm and
βl) have been tabulated in Figure 4.27(c). In the end, the DFA algo-
rithm results in 4800 DFA vectors of 7 dimensions (i.e. XDFA,E1 to
XDFA,E4800 )

4.7.3 RQA-based features

The recurrence plot (RP) for all 4800 signals has been constructed.
From the histogram of diagonal and vertical lengths, seven non-correlated
quantities (Q1 to Q7) have been found with the threshold, ϵ equal to 0.5.
The RP of the event from the dual disturbance, D22 (i.e. islanding fol-
lowed by induction motor starting) has been shown in Figure 4.28(b).
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Figure 4.26: DWT-based extracted features. (a) Acquired signal of the
event, E1 from the D1 category. (b) Approximate and detailed discrete
coefficients up to the fifth level. (c) Histogram of all decomposed signals.
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Figure 4.27: DFA-based features (a) Line current for sudden islanding
(D7). (b) Its detrended fluctuation curve with all characteristic param-
eters (c) seven DFA parameters in tabular form

The stored current signal has been shown in Figure 4.28(a) and derived
recurrence quantities have been tabulated in Figure 4.28(c). Thus, the
RP algorithm output gives XRP,E1 to XRP,E4800, a total of 4800 seven-
dimensional vectors.

4.7.4 Composite 4800× 74 feature matrix

DWT, DFA and RP-based 60, 7 and 7 features, respectively have
been combined together to form 4800× 74 feature matrix as shown in
Figure 4.29. All the elements of the feature matrix have been normal-
ized and a label vector has been added to form 4800×75 labeled feature
matrix.

Mutual correlation among the features has been investigated and
presented in Figure 4.30. Out of the 74 features, the correlation has
been shown for 6 features. Among these, enlarged view of the correlation
between f1 and f2 features have been shown for the sake of visibility.
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Figure 4.28: RP extracted features (a) current signal of a dual event
from category D22 (b) respective recurrence plot (c) RP quantification
features
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Figure 4.29: Disturbance signals and their combined features

183



Mixed-event disturbance study

corelation

1

0

-1

Figure 4.30: Graphical presentation of the correlation among the features

Table 4.14: Relative distance matrix of all 4800 data points

0 1 ……. 4797 4798 4799

0 0 0.081915 … 0.061581 0.066727 0.056176

1 0.081915 0 … 0.08734 0.088468 0.088118

2 0.069204 0.077726 … 0.083954 0.089545 0.073304

3 0.102517 0.112665 … 0.095331 0.111501 0.100096

4 0.089396 0.120473 … 0.09072 0.12214 0.091228

... ... ... … ... ... ...

4795 0.165063 0.178716 … 0.165438 0.162614 0.16115

4796 0.061038 0.084127 … 0.079604 0.0541 0.074562

4797 0.061581 0.08734 … 0 0.080966 0.029975

4798 0.066727 0.088468 … 0.080966 0 0.076746

4799 0.056176 0.088118 … 0.029975 0.076746 0
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Figure 4.31: Relative edge values for event data points (a) 1 and (b) 2
with 1500 neighbors for different scaling factors, σ

4.7.5 Distance matrix

The Euclidean distances describing the mutual positions of the data
points in 74-dimensional space have been evaluated and presented in
Table 4.14.

With respect to each data point, other data points have been placed
in similarity scores versus the Euclidean distance curve. The scaling
factor has been tuned to a value for which the sum of the similarity
scores of 1500 neighbors becomes 10.55. two such curves for the first
two data points have been shown in Figure 4.31(a) and (b). It is obvious
from the curves that the similarity score for the nearest neighbor is unity.
It is also observed that the values of σ1 and σ2 are 0.0285 and 0.0044
respectively for the number of neighbors to be 1500.

Initially, with the hyperparameters mentioned in Table 4.15, the
UMAP algorithm has been applied to 60 DWT-based features. Fig-
ure 4.32 shows the labelled and colour-shaded data points. This visual
output clearly indicates that only DWT features are not enough to seg-
regate the categories distinctly. Then, with the same hyperparameters, a
uniform manifold has been obtained using DWT, DFA and RP-based 74
features. Figure 4.33 (c) shows the data points with a minimum distance
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Table 4.15: Considered hyperparameters for UMAP dimensionality re-
duction and data visualization

Hyperparameter Value
Number of neighbors 1500
Number of components 2
Minimum distance 0.9
Metric Euclidean distance
Loss function Cross entropy
Optimization method SGD
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Figure 4.32: UMAP-based clustering using 60 DWT features
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Figure 4.33: Supervised data clustering in 2D embedding. (a) PCA-
based clustering (b) t-SNE-based data clustering (c) UMAP-based clus-
tering.
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of 0.9 and all 24 categories are distinctly located in 2D. The other two
well-established dimensionality reduction techniques- Principal Compo-
nent Analysis and t-distributed Stochastic Neighbor Embedding, have
also been studied for comparison and their 2D outputs have been shown
in Figure 4.33 (a) and (b). Figure 4.33 (c) clearly reveals that each
category has been visually classified in 2D embedding.

In this work, the visual classifications of a total of 24 power system
disturbances in 2D have been presented. For this, an advanced dimen-
sional reduction and data visualization technique, UMAP has been ap-
plied. A total of 74 features were extracted from three different signal
analysis methods. A feature matrix of 4800×74 size has been successfully
fed to the UMAP algorithm to recognize 24 distinct classes separately.
Besides, other two-dimension reduction algorithms have been studied to
show this method’s superiority over others and the visual classification
performance has been investigated for the different number of features.
Another important speciality of the method is its ability to classify all
categories effectively for a large number of features. To validate this,
the same algorithm has been applied to the same events with only 60
DWT-based features.
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CHAPTER 5

Conclusion & Future Work
Recommendations

5.1 Conclusion

In this thesis, all possible power system disturbances due to the ad-
vancement of power networks with respect to infrastructural develop-
ment, DG integration, and the havoc use of power electronic devices
were investigated and studied. This study has been done for power sys-
tem monitoring and protection. To identify the disturbance category,
a few AI-based disturbance classifiers have been proposed. In different
stages of the study, different numbers and types of disturbance categories
were considered. The performance of the proposed classifiers was evalu-
ated using conventional performance indices and a confusion matrix. In
all the cases, the designed classifiers were compared with other variants.
Besides, the proposed models have also been compared with other state-
of-the-art techniques addressed by researchers working in the same field.
In the introductory chapter, the origins of all power system disturbances
were identified, and the causes have been defined by disturbance termi-
nologies. Few adverse effects of such disturbances were briefed. As the
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work has progressed, more disturbance categories have been included in
the study.

In Chapter 2, a laboratory-based circuit for grid-connected distributed
generation has been presented. All switching and fault-creating arrange-
ments have been prepared for disturbance creation. Some of the distur-
bances, named dual events, have been created using two different events,
creating both at a time or simultaneously.

A very simple, robust, and accurate machine-learning method for the
detection of the most commonly occurring power system disturbances in
microgrid systems was dealt in chapter 3. The problem with a lower
number of experimental events due to thermal restriction has been han-
dled using binary unsupervised k-mean clustering, which enables the
generation of big data. The signal trend and fluctuation pattern have
been analysed by its DFA characteristics feature and a PCA-based di-
mensionality reduction technique helped us reduce the feature matrix
from seven to four. This technique also helped in reducing the memory
requirement and also made 1-NN machine learning to predict a signal
with 97.18% accuracy in less time. However, this work is limited to
the eleven classes of disturbance as mentioned. The other significant
disturbances that happen in MG systems, such as single phasing, high
impedance faults, etc., have been incorporated into the study to enhance
their potentiality.
With a comparatively larger number of classes, an MM-based method
for sensing PSD using principal component analysis-aided support vec-
tor machines has been used. This disturbance study is pertinent for the
reliable operation of power system networks. MM operators have been
used to extract significant features from experimentally recorded signals.
The input vectors to train the classifier have been formed by reducing
the data dimensionality of extracted features using PCA. Selected 14
PCs are used for sensing the PSD using quadratic kernel function-based
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SVM. The result shows that the proposed method is capable of sensing
PSD with reasonable accuracy and smaller computation time compared
to the other methods present in the literature. The performance of the
proposed method has been validated by using a confusion matrix. All
feasible power system disturbances have been identified and classified by
this algorithm with 99.3 % accuracy.

At the later stage of the study, a deep learning-based classifier has
been proposed to classify power system disturbances. k-mean clustering
technique has been applied to the recorded current signals for filtration.
This helped in the generation of huge data that has made the training
and validation process easier. With the sgdm optimizer and 30 batch
size, a learning rate of 0.0003 results loss function to converge to an op-
timal value in minimum computational time and an accuracy of 98.46%
has been achieved. It would be challenging to choose the proper combi-
nation of batch size and learning rate to train this classifier with a large
number of data sets.

Finally, in chapter 4, five dual events have been added with cate-
gories considered in previous chapters. A customized CNN-BiLSTM-
based RNN algorithm has been proposed. The performance indices of
this classifier have been assessed to validate this technique. The overall
accuracy obtained from the class-wise confusion matrix is 98.57%. The
extraction and prediction methods of other classification techniques and
their corresponding accuracy have also been compared with those of the
proposed technique and very satisfactory results have been achieved for
PSD classification. Besides, the classifier’s performance is found to be
acceptable even at high noise levels.

Besides, all the power system events have been classified with 98.91%
accuracy by an RP-based customized CNN algorithm. This classification
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study has also been performed using two other methods, considering dif-
ferent training datasets for comparison. Event-wise performance indices
have been derived, which proves the efficacy of the proposed classifier.
This classifier also performs satisfactorily in high noise conditions. The
conventional monitoring system and the protection scheme can be re-
vised by integrating this kind of algorithm to improve the flexibility and
power quality in DG-based networks.

At the end of chapter 4, visual classifications of a total of 24 power
system disturbances in 2D are presented. For this, an advanced di-
mensional reduction and data visualization technique, UMAP has been
applied. A total of 74 features were extracted from three different signal
analysis methods. A feature matrix of 4800×74 size has been successfully
fed to the UMAP algorithm to recognise 24 distinct classes separately.
Besides, other two-dimension reduction algorithms have been studied to
show this method’s superiority over others, and also the visual classifica-
tion performance has been investigated for different numbers of features.
Another important speciality of the method is its ability to classify all
categories effectively for a large number of features. To validate this,
the same algorithm has been applied to the same events with only 60
DWT-based features.

5.2 Future Work Recommendations

This study deals with the identification of different power system
disturbances that occur because of some faults and normal operations.
This work can further be extended as its continuation in the direction
of disturbance mitigation and system protection. In this regard, a few
recommendations have been highlighted below:

• Incorporation of the proposed classifiers into the low-cost proces-
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sor at the point of common coupling (PCC) and fetching the classifier’s
output to the remote operating centre is still challenging.

• The severity of all types of disturbances is still left to be studied,
and accordingly, the disturbance technique needs to be modified.

• Fast identification of any switching operation and mitigation of
high-frequency transients to maintain the power system stability is still
a challenging task.

• Coordination among the PCCs and the remotely located monitoring
centre in view of the disturbance mitigation is left for further study.
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