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ABSTRACT
An important feature of the new Smart Grid
is self-healing capability against major power
outages, transient instability, and power
quality disturbance events. Of those probably
the most damage done is by a power outage
caused by a natural disaster. Just recently
hurricanes like Dorian, Elsa, Ida, etc. caused
large-scale blackouts. This is not to mention
the most frequent bad weather, unexpected
tornados, and hurricanes categorized under
the rank of two. In those cases, the smart
Grid should have a prediction and estimation
capability for rapid maintenances. Most
works in this area concentrate on learning a
machine from historical logs, learning
environmental measured data from satellites,
or surprisingly enough but sometimes
analyzing measured electromagnetic signals
that are above the normal background
activity of the earth. In the frequent case of
power quality disturbance and transient
instability, many works in the literature
enable self-healing capability. But devices
need to be software-defined equipped with
cognitive capability that can be remotely
reconfigured.
Keywords-- Harmonic Distortion, Smart Grid,
Power Quality Disturbance, Transient Instability

INTRODUCTION
The smart grid is an electric system that
uses
information,
two-way
cyber-secure
communication technologies, and computational
intelligence in an integrated fashion across
electric generation, transmission, distribution to
achieve a system that is clean, safe, secure,
reliable, resilient, efficient, and sustainable [1].
An important feature of the smart transmission
system is upgrading the reliability [2-3] and
flexibility [4-5] of the traditional transmission
27

system. Deploying state-of-the-art HVDC or
EHVAC across the whole grid is not costeffective; rather the better option is to add smart
features [6-9] into the existing AC transmission
system. Any adjustment to an electric grid must,
however, meet the following four basic
requirements: capacity defined in terms of
satisfying the increasing demand for electrical
energy; reliability definitions available in the
literature [10], flexibility definitions available in
the literature [11], efficiency defined in terms of
the principle that energy has to be saved from
production up to consumption and sustainability
defined in terms of supporting the integration of
low carbon energy sources. It should be noted
here that the flexibility requirement requires the
safe interconnection of distributed generation
units and energy storage including integration of
heterogeneous energy generation at any point on
the system at any time. The reliability
requirement requires uninterrupted power flow
anytime and anywhere. For a smart grid to
operate reliably and efficiently it should have a
self-healing capability against power outage,
power quality disturbance, and transient
instability.
In cases of abnormality and power
quality disturbance events, the central grid
management system must initiate a self-healing
process. It involves isolating faulted line sections
to restore services to upstream and downstream
unaffected line sections thus preventing
customers from experiencing major outages
[12]. Repeated measurements [13-15] indicate
that fault occurs in the following three cases:
during power quality disturbance, during
overloading, when a power flow exceeds beyond
a certain reference value caused by unpredicted
demand-side management, or during contention
caused by abnormal static line rating when
conductor temperature exceeds the normal value
which causes conductor sag. In these cases, an
intelligent fault monitoring system within the
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central grid management isolates the faulted line
to reroute power flow automatically. This in turn
requires electronic devices not only to be digital
[16] but also to be equipped with intelligent
capabilities.
First, let us see features of a smart
transmission system singling out only the
overhead transmission system. Overhead
transmission conductors in smart grid unlike the
traditional AC, HVDC, or EHVDC consist of
composite conductors or superconducting wires
capable of withstanding high temperature. These
conductors have the properties of greater current
carrying capacities, lower voltage drop, lighter
weight, and greater controllability [17]. State-ofthe-art CTs and VTs can protect themselves
from saturation caused by faults, monitor
cooling systems, and can decide on tap changers
of transformers in real-time [18-20]. All devices
throughout the smart grid should have the
capability to talk to each other through the
advanced
network
infrastructure.
The
communication can happen through the already
installed TCP/IP internet, but because different
nodes in this case MAC enabled electrical
equipment in smart grids require different
communication necessities, different protocols
[21] can be defined for the exchanged packet
between nodes and the central grid station.
To accomplish all of these tasks,
equipment throughout the smart grid should have
the cognitive and reconfigurable capability.
Cognitive is the ability to sense information from
the surrounding environment to analyze and learn
the sensed information to make decisions. To
accomplish this task electronic device needs to be
software-defined where most of the processing
and decisions will be made via software. This in
turn equips the equipment with reconfigurable
capability: the capability of adjusting operating
parameters in real-time without any modification
on hardware components. For instance, distance
relays of the future can reconfigure ampacity
online in real-time (see section 4).
In this paper, a discussion on how to add
self-healing capabilities to the existing AC
transmission line is presented to point out future
research gaps. The rest of this paper is organized
as follows Section 2 of this paper presents the
self-healing process during major power outages.
Section 3 of this paper deals with power quality
28

disturbances. Fault monitoring and diagnosis
system in case of small-scale transient instability
are presented in Section 5. In the end surveys to
the solutions of over-current due to overloading
along with how the smart grid transmission
system handles excessive temperature is
explained. The paper ends with concluding
remarks pointing out future works.
POWER OUTAGES
Major power outages in this paper refer
to those outages that impacted at least 50000
customers or caused an unplanned firm load loss
of at least 300MW. Power outages thus occur
either due to critical equipment failure in the grid,
natural disasters, or cyber-physical threats. In
such cases, the smart grid must be resilient.
Resiliency in this context is the ability of the
smart grid to respond to and recover from outages
through an iterative process of sensing,
anticipation, learning, and adaptation to all types
of hazards and disruption [22]. The crucial
queries while ensuring resiliency would be
whether or not the supply has been disrupted, if
so by how much, and the capacity to restore
power quickly [23]. Hence, include early
detection of low probability high-risk extreme
events including natural disasters and man-made
attacks, and the corresponding risk assessment to
mitigate the damage rapidly [24]. Thus, one needs
to assess the following points.
Natural disasters damage electric power
system components causing cascading failures.
The most probable cause of such damage is
hurricanes in the Western Atlantic and Eastern
Pacific Ocean Basins, cyclones on the west Indian
ocean, and Typhons on the east pacific or strong
earthquakes above a magnitude of 4.0 on the
rector scale. The damage will be especially
significant in the generation and transmission
units, because distribution systems are maintained
rapidly to large-scale disasters, except for
unexpected high-intensity rapid tornados.
Hurricane Sandy as an example in 2012 cut
power to 8.2 million households in 17 states on
the eastern shore of the U.S [25]. Hurricanes
Irma, Michael and Maria, and more recently
Hurricane Dorian resulted in power outages that
affected millions of customers and led to major
social and economic disruptions throughout our
communities. In general, more than 1500
hurricane-induced outages are reported across the
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content of the USA starting from 2000 [26]. A
simple fact is the longer the outage duration, the
greater
the
incurred
losses.
Repeated
measurements show that Hurricanes inflict
damage in two different ways [27]. First, the
gushing flow of water will flood the low-lying
coastal areas, damaging substations. The second
is the damage to the power generating equipment
due to fastly rotating winds. Even on weakened
hurricanes categorized under rank two, the most
reliable
underground
transmission
and
distribution system will be flooded from heavy
rain causing a cascading failure. The obvious
solution is prediction.
Predicting hurricane impacts on the smart
grid before landfall can improve pre-storm
planning efforts for utility companies. Utilities in
this case must weigh the anticipated impacts and
estimate how much assistance they will need [28].
The primary way of modeling the impact of
hurricanes in the literature on the electrical power
system is machine learning-based approaches.
These models use geographically detailed damage
data from past hurricanes and weather data like
storm surge, wind speed including direction, and
cloud density from satellites to estimate poststorm restoration effects so that the required
crews and materials be positioned as close as
possible to the area of highest damage. As an
example, in [29] an estimate of the number of
poles and transformers needed for replacing the
damaged ones is fitted against historic data using
simple linear regression models. Hence a
prediction algorithm in smart grids needs to be
trained using the collection of outage reports and
repair logs that utilities keep. To systematically
process these historical data recent advances in
the fields of Machine Learning are required. This
was proven to be effective in [30-31] where
average outage duration and restoration time are
predicted. But the accuracy of these predictions is
more dependent on the input features than the real
algorithm precision performance. For this
particular reason, most of the work in this area is
concentrated on correctly identifying the input
factors that contribute to accurate prediction. The
gap here is the lack of accurate historical data on
substations located at certain GPS: degree,
minutes and seconds, or longitude and latitude.
In that case, the main feature that must be
considered are storm surge, the volume of water
that the hurricane may force inland, the maximum
29

sustained wind speeds, the exposure time to
tropical storm winds, and the land area swept by
the hurricane[33-34]. To a surprise, variables that
are not features of the weather are also shown to
be effective in restoring service quickly. One of
such is biodiversity-related variables like plant
specious type. This was due to a particular
observed fact that about a quarter of outages for a
mid-voltage overhead line are caused by tree
failure accounting for different specious [35]. But
in the work, the prediction improvement wasn't
dependent on interspecies but also intra specious.
In [29] at a wider geographical scale, it is
observed that as the relative abundance of
Sweetgum and Loblolly Pine tree species
increased; the number of outages tended to
increase. In contrast, increases in the relative
abundance of Water Oak and Chestnut Oak, by
the way, they are of the same spacious, did not
result in more outages. These roots to the
suggestion that certain oaks may be more resistant
to uprooting or snapping when subjected to strong
winds. However, predicting hurricanes damage at
a certain probability requires a large amount of
data to be crunched in supercomputers.
Lightning is also the other cause of power
outages. It affects the performance of power lines
by creating a transient overvoltage that causes
flashover on the power line either in a direct
stroke, when lightning hits a phase conductor or
in indirect strokes when lightning hits a point in
the vicinity of the transmission line [36]. Direct
stroke generates an impulsive transient which
causes a fault with the accompanying voltage sags
and interruptions. The resulting lightning surge
can be conducted a considerable distance along
utility lines and may cause multiple flashovers at
poles [37]. On average approximately 10-14
cloud-to-ground lightning flashes strike the glob
each second causing momentary interruption [38].
Besides this Ground Flash Density i.e. geolocational variation of lightning strikes, the
probability of a direct strike at poles increases
linearly with tower height, thus high voltage lines
are subject to direct strikes more than medium
voltage or low voltage lines[36]. Acknowledging
this risk, surge arresters are installed at towers
which effectively eliminates the overvoltage. In
an indirect lightning strike, lightning may hit near
the line causing an impulse by the collapse of the
electric field or it may hit the ground at
substations causing the ground reference to rise
considerably. This forces current along the
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grounded conductors to flow into a remote
ground passing through sensitive loads. An
interesting case is the low side surges in
transformers [39]. From the wide variety of field
observations available, it had been discovered that
many lightning-induced transformer failures of
the primary or high voltage winding were induced
from the low voltage side. Transformer designers
named this phenomenon low side surges because
from the perspective of the distribution
transformers, the surges entrees from the LV side
though the lightning stroke is located at the HV
side. Also from the customer's point of view, it
appears to be an impulse coming from the utility.
Investigating these kinds of lightning surges into
the case-sensitive load is an interesting gap. Some
solution for low side surges is presented in [40].
The other main natural disaster that must
be considered is earthquakes. For example, a
magnitude of 6.7 earthquakes on the island of
Hokkaido damaged a 1.65GW power plant
leaving 3 million houses in darkness [41].
Predicting earthquakes before it happens is a
well-explored at the same time interestingly
debatable area with many hypothesis and
particular solutions. For example, contrary to
many developments in the area, there is a theory
that earthquakes can't be predicted, the root traced
at the argument [42]. The primary means of
prediction however is based on the analysis of
observed precursor seismic signals [43]. These
seismic signals can be enlarged or nulled before a
major earthquake happens. The former is the case
of Foreshocks where a series of sesmic events of
magnitude higher than the magnitude of the
normal background seismic activity. The latter is
Sesmic Quiescience, the apparent lull in the
normal seismicity of a region. To a surprise, an
attempt to predict an earthquake pattern is
presented in [44] using a completely different
way. It is based on plotting extremely Lowfrequency electromagnetic waves in the range of
Heartzs using telescope satellites or simple giant
ground antennas. The prediction algorithm and
accuracy, in this case, are not that much
important. The majority of the work in this area is
based on the usual feature extraction of big data
logs. Though doubt on the accuracy of this
prediction besides the usual regression or
approximations, any machine learning algorithms
[45-49] can do the task effectively.

30

In general, considering the number of papers,
current resiliency works against natural disaster
relies on the already existing domain expert
knowledge and its analysis, the solution being
semi-manual coordination between the system
operator, and transmission and generation parties.
Therefore, the focus in this research area is in
infant mode.
POWER QUALITY DISTURBANCES
Power quality deals with any deviation in
magnitude, frequency, or purity of the generated
sinusoidal voltage. The causes for this poor power
quality are categorized into two groups: i) actual
loads and ii) subsystems of transmission and
distribution systems which result in voltage swell
and sags, harmonic distortion, transients, and
flickers. Smart grid transmission systems
accurately classify and mitigate power quality
disturbances and deviations to a sufficient level of
accuracy. Since one can't tune the magnitude,
frequency, or purity of the current on the already
installed transmission line, correction in the
power quality is achieved either by tuning the
supply voltage or by inserting current limiting
equipment [37]. In the subsequent paragraphs, the
causes of power quality disturbances are
discussed.
The most common causes of power
quality disturbance are Voltage swells and
Voltage sags. A voltage sag is a short-term about
30 cycles or a long-term about 5s reduction in
RMS voltage caused by a sudden increase in load
impedance
or
source impedance. The
corresponding voltage swell is a short-term about
30 cycles or a long-term about 5s increase in
RMS voltage caused by a sudden reduction in
load impedance or source impedance. Voltage
sags and swells are corrected in real-time using
state-of-the-art FACTs devices [50]. The
correction for instance can be done at substations
using Ferro resonant transformers which yield
almost constant secondary unit voltage against
varying primary unit voltage. Or if one prefers to
regulate the voltage at constant amplitude then
one can use magnetic synthesizers or
superconducting magnetic energy storage.
Superconducting magnetic energy storage devices
especially alleviate voltage sags in less than 1
cycle. This accuracy is due to the energy induced
by superconducting magnets. It is because the
current flowing through these lossless conductors
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releases
energy
instantaneously
[51].
Alternatively for a typical distribution system in
the USA simple low-cost options of UPS systems
and dynamic voltage regulators are available but
their functionality is restricted to low or medium
voltage.
But compensating voltage sags and
swells come at a cost. The various nonlinear
FACT devices and IEDs produce a frequency
component that is an integer multiple of the
fundamental frequency. Note here that this
harmonic distortion adds a deviation from the
fundamental frequency component. It is mainly
caused by the shunt FACTs device because the
nonlinearity of the series FACTS device is
insignificant. The reason being the short circuit
impedance between the source and load is mostly
resistive [37]. The other sources of harmonic
distortion are Power converters, transformers, PF
correction capacitor banks, and nonlinear loads.
Hence, research in the state of the art electrical
and electronic development is to reduce the
nonlinearity of shunt FACTS devices. For
instance, it transforms the most common
electrical equipment in the transmission system,
the leakage impedance is linear to a sufficient
accuracy but the shunted magnetizing impedance
is the source of harmonic distortion. Though the
mostly available common power transformer is
designed to operate below the magnetizing
saturation characteristics [52], sometimes
transformers operating at normal conditions are
also sources of harmonic but this distortion is
typically less than 1% of the rated values.
Individual harmonic distortion at each substation,
in this case, is ignorable but the effect will scale
up on utility distribution systems where hundreds
of transformers are in operation. Here, special
emphasis should be given to triplen which are the
odd multiple of the 3rd harmonics [53]. The
design problem, in this case, is that triplens cause
overheating on the Y-Y connected transformer;
experienced one may think this can be alleviated
by the delta connection at the secondary side. But
the problem won't be solved by rearranging the
connection. The delta winding provides ampere
turn balance so that triplens will flow but it will
remain trapped in the delta side and do not show
up on the line current. The only solution is to use
isolation transformers [54].

the

Besides the already discussed causes in
smart transmission system, harmonic
31

distortion happens at distributed generation units.
Especially wind power generation units and solar
generation units are the major sources of
harmonic components [55]. In Europe, where
carbon-neutral clean energy generation units are
abundant, harmonic distortion due to generation
units on a transmission line is rare since the sine
wave at the central stations is accurate to a
sufficient level. Since carbon-neutral energy
generation units aren't abundant in the USA, the
main source of harmonic distortion however
happens to be the nonlinear power electronic
loads and energy-saving nonlinear loads at the
consumers. In such a case the smart grid should
maintain the necessary observable quantities [56]
in a database for rapid maintenance. The
maintenance is tracing the source of the harmonic
current. Note that harmonic current flows from
the source into the generation units or the
capacitor banks. One can determine the flow into
the generation units or the capacitor banks by
looking at the harmonic spectrum. In the latter
case, monotonic frequency components dominate
the other harmonic components to a significant
level. But in the former case, the harmonic source
can be traced by installing PMU which measures
the entire spectrum of the current that passes
through the shunt nonlinear loads. This data kept
at the central grid management system can be
correlated to a set of harmonic profiles to shunt
identify the source [57]. The location can easily
be traced from the GPS-stamped frames.
Alternatively one may treat the problem as a big
data problem where the GPS stamped harmonic
frequency spectrum is learned to identify the
location.
Any
function
approximation,
classification, or regression machine learning
algorithms can do the task. Unfortunately
processing a large amount of data is timeconsuming and is vulnerable to cyber-physical
treats.
To summarize, the main problem
discussed here is to accurately locate nonlinear
loads that contribute to a significant deviation
from the fundamental frequency generated at
substations. It is mitigated based on commonly
available techniques in [58] or in [54] which
contains a harmonic distortion model of the
power transformer. If a utility company fails to do
the task, the burden is on the customers. From the
end-user point of view, users have to limit their
harmonic current emissions to a range of values
specified in [59] at the point of common coupling
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with other consumers. Immunity standards are
also set down for the disturbance levels which
equipment should be capable of tolerating without
undue damage or loss of function [60]. Another
standard for compatibility levels has the function
of enabling coordination and coherence of the
emission and immunity standard [61]. Besides the
presence of harmonic distortion, deviation of the
fundamental frequency from nominal values at a
much higher scale happens due to the integration
of heterogeneous energy generation units. This
power frequency variation is corrected by the
central grid management system to acceptable
limits. Two main levels define these limits: the
operational limit which is equal to
and
the statutory limit which is equal to
[62].
Under a significant drop or increase in the
frequency, a disconnection by low-frequency
relays is remotely invoked.
TRANSIANT MONITERING AND
DIAGNOSIS SYSYEMS
Perhaps an important capability of the
smart grid is the self-healing capacity against
transients. An intelligent fault monitoring and
diagnosis system within the central grid
management system classifies and locates
symmetric and asymmetric transients for rapid
restoration of service.
Fault Classification
The fault classifier takes zero sequences,
negative sequence, or positive sequence digital
converted current or sometimes voltage
transients. Phasor Measurement Units (PMU)
installed throughout the grid sends this digital
transient data to the fault monitoring and
diagnosis system. The data will be analyzed to
differentiate between symmetric faults i.e. triple
line to ground (ABC-G) or triple line to line faults
(ABC) and asymmetric faults i.e. line to ground
(A-G, B-G, C-G), line to line (AB, BC, AC) or
double line to ground faults (AB-G, AC-G, BCG). This data should be time-stamped and GPS
stamped to avoid time synchronization problems
encountered during measuring phases [61]. The
intelligent fault monitoring and diagnosis system
upon classifying the 11 types of faults will initiate
a self-healing process. The process includes
detecting, classifying, and locating.
32

For decades classification of faults or
fault analysis in classical textbooks is done using
the well-known symmetric component theory.
The theory quantizes symmetrical component
phasors in cases of symmetric faults or zeroes,
positive and negative sequence phasors incases of
unsymmetrical faults [62]. However, the theory
isn’t appropriate for real-time grid protection. For
these kinds of problems computationally
intelligent algorithms are preferable. Fault
classification can be done using the many
algorithms in the literature like expert systems
[63-76], classical classification algorithms [7779], Artificial Neural Network [80-82], or Hybrid
Algorithms. However, these areas are sufficiently
saturated to find a new gap.
Fault Location
The identification is shortly followed by
a diagnosis procedure. In the simplest case of
temporary faults, a probe signal is sent to check
the continuity of the line or the closeness of the
circuit. For permanent faults, an alarming
procedure including sending messages to
operators via an ad-hoc network infrastructure is
initiated to clear the fault manually. The message
consists of the type of fault and the location of the
fault. Locating faults in some literature are
approached as a classification problem where post
fault phasor data are gathered to determine the
optimal hyperplane. Artificial neural networks,
support vector machines, or any other
classification algorithm can be used to plot the
boundary. But the precision is restricted to
discrete spans in the range of multiple km, for
example [83,84] proposed MLP with a span of 10
Km, [85, 20] proposes LDA with a span of 10
KM, [86] proposed SVM with a span ranging
from 10-25 Km, [87] proposed SVM with a span
of 30 km. But classification algorithms won't
locate the exact GPS coordinate; instead, they
provide a span of locations. In the past accurate
location have been computed using impedancebased methods [88, 89-92]. Impedance-based
fault location algorithms, well explored in
textbooks, calculate the exact location estimates
from the transient data captured by PMU at one
end of the line. It is to calculate the fault
impedance seen from one endpoint in one
impedance-based method or seen from the two
terminals of the line in the two endpoint
impedance methods [89]. But impedance-based
methods require accurate estimation of lumped
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line parameters which in some cases is difficult
due to the non-homogeneity of the transmission
line. Recently with the advancement of DSPs,
GPS, and clocking technology, the traveling
wave-based method is gaining more popularity.
The method is also applicable for EHVAC,
HVDC, and Underground Transmission systems.
Travelling wave-based method is based
on the observation that when a fault occurs, highfrequency waves called surges propagates in the
form of reflection and refraction away from the
fault point (see figure below) in both directions

towards the terminals of the line at velocities very
near to the speed of light [94]. The task of the
location algorithm is therefore to detect the arrival
time of wave heads. The location is easily
calculated as the product of arrival time to the
propagation velocity i.e. speed of the wave head
[95]. The propagation velocity is estimated as
where L is the inductance per unit length and
C is the capacitance per unit length. Both of
which are estimated based on the conductor type.
For this particular reason, non-homogeneity of the
line will introduce precision errors.

Figure 1: Lattice diagram for the propagation of fault-induced traveling waves.
Besides the nonhomogeneity of the line,
the type of weaves also determines the accuracy
of the location. According to the IEEE Std C37
guide, five types of travelling waves are
recognized [89]. In Type 1 travelling wave, the
arrival time of wave heads is measured by
recording the reflection of wave heads at one
terminal (
). Alternatively, in Type D
travelling waves not only the arrival time of
reflected wave heads but also the refracted wave
heads at the other terminal is used (
). However, because the
amplitude is attenuated due to surge impedance,
detection of wave heads at both terminals is
difficult. In Type C travelling wave also known as
time-domain reflectometry (TDM) a probe signal
generated from oscillators is injected into the line
exactly in the same manner used to detect faults
in the underground cables. In a Type E traveling
33

wave the injected probe signal is the transients
created when a line is re-energized by closing a
circuit breaker. On the fourth traveling wave
method, the accuracy highly depends on the
detection of wave heads at the receiving end. One
way to improve detection is the use of a stop
weave head signal at the remote end which is
initiated when a reflected wave arrives at the
other end. The resulting traveling wave is Type B
travelling waves.
It should be noted here that in addition to
the wave getting attenuated in amplitude at the
receiving end harmonics are introduced by CTs,
VTs, and FACTs devices installed throughout the
transmission line. For this particular reason added
to the interference of reflected and refracted
weave heads at the fault location, detection of
weave heads is difficult [86]. Transforming the
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signal from the time domain into analogue or
digital frequency domain or wavelets [96-97]
reduces such effects. Traveling wave-based fault
locators are more accurate and reliable compared
to Impedance based methods; However, They
require advanced hardware with a high sampling
rate.
DYNAMIC LINE RATING
On traditional grids, transmission lines
have a fixed-line rating known as static line
rating. The ampacity which is the maximum
allowable current-carrying capacity without
passing the conductor thermal limit is calculated
based on worst-case weather conditions [98].
These conditions are ambient temperature, wind
speed, and solar radiation all of which varies
temporally and spatially. Several models existed
for the calculation of ampacity: IEEE, CIGRE,
and IEC. According to IEEE for instance the
static ratings are determined from the second law
of thermo dynamics [99]:
(1)
Where
is the radiative heat which
depends on the conductor temperature
,
ambient temperature , wind speed
and wind
direction
is the conductive heat that varies
with conductor temperature and ambient
temperature,
is heating due to solar radiation,
is the joule heating governed by the equation
. The exact estimation of the
quantities is found in [100-101]. From the above
equation, one can drive ampacity as:
√

(2)

Traditional grids set amperage values
equal to the ampacity according to the "worstcase" measurement of weather variables. The
problem is a weather condition that varies by
space-time causes distance relays sometimes to
trip other times even to damage. Bear in mind
here that in such a case, it is possible to provide
service for the customer. Distance relays of the
future treats ampacity as an adjustable quantity
rather than a design issue. Thus, will have the
capability to reconfigure amperage in real-time
according to weather conditions. Reconfiguring
the DLR system, in general, include three primary
34

components: DLR sensors which measure
environmental conditions like temperature, wind
angle, and wind speed. Operating conditions such
as nominal current and conductor sag. And
finally, communication devices that receive and
transmit the measured field data to a central smart
Grid DLR management system. DLR systems
decide the amperage in real-time and Hence
configures the ampacity of the transmission line
based on weather conditions [102-104].
When the current passing through the
transmission line passes the reconfigured
amperage an alarm is issued. Here there are two
possible scenarios: in an expected case during
congestion, the power flow can exceed the
configured amperage or during measurement or
prediction error the dynamically configured
amperage may allow current beyond the safety
limit which causes conductor sag [105]. These
uncertainties during measurements of digital DLR
sensor data include sensor accuracy, precision
errors, and temporal variation of weather data.
For instance, wind speed and direction can be
forecasted up to 10 minutes in advance [106].
Several probabilistic models to mitigate the
uncertainties are found in [107]. But probabilistic
tools are limited due to either the necessity of
having a given standard probability distribution
for the uncertain parameters or due to the
computational burdens imposed [108]. Another
option is to use fuzzy models. Though fuzzy
models are proven to reduce the effect of
uncertainties, they are vulnerable to overfitting
[109].
In addition to self-healing explained
above, DLR provides our reliability. Observations
[110] show that transmission lines are
underutilized during congestions. This is because
DLR allows the transmission line to be loaded
above the static rating without exceeding the
operating temperature limit and hence the
nominal conductor sag [111]. This provides a
higher current carrying capacity for the
transmission line, thus can mitigate system
congestion and reducing generation re dispatching
in cases when congestion is caused by the
transmission thermal limit [112]. To conclude
reconfiguring amperage online in addition to
protecting false trips reduces congestion in realtime. This in turn facilitates heterogeneous power
integration. For example, more power is
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generated during windy conditions. DLR thus has
economic benefits [101].
7.
CONCLUSION
Smart grid should mitigate power outages
in case of natural disasters such as hurricanes,
tornados, or earthquakes. The method is
predicting damage before landfall for rapid
service maintenances. But the available
algorithms in the literature are short of accurate
predictions. The majority crunch detailed GPS
stamped logs in high-performance CPUs at the
central grid stations. Despite these works selfhealing capacity of the smart grid against major
power outages is in an infant state. On the other
hand, the currently available algorithms in case of
power quality disturbance and transient stability
are saturated enough. But equipping this smart
capability to the electric equipment throughout
the grid requires the device to be state of the art
with the capacity to be remotely reconfigured.

8.

9.

10.

REFERENCES
1. H. Gharavi & R. Ghafurian (2011). Smart
Grid: The Electric Energy System of the
Future, In Proceedings of the IEEE, 917921, DOI: 10.1109/JPROC.2011.2124210
2. N. Lu. (2012). An Evaluation of the HVAC
Load Potential for Providing Load
Balancing Service, In IEEE Transactions
on
Smart
Grid,
1263-1270,
DOI: 10.1109/TSG.2012.2183649
3. M. Li, P. He & L. Zhao (2017). Dynamic
Load Balancing Applying Water-Filling
Approach in Smart Grid Systems, IEEE
Internet of Things Journal, 4(1), 247-257,
DOI: 10.1109/JIOT.2016.2647625
4. Uludag, Suleyman & Zeadally, Sherali &
Badra, Mohamad (2015). Techniques,
Taxonomy, and Challenges of Privacy
Protection in Smart Grid, Privacy in a
Digital, Networked World, Springer
London,
Doi:10.1007/978-3-319-084701_15.
5. I. Koutsopoulos & L. Tassiulas (2012).
Challenges in demand load control for the
smart grid, IEEE Network, 25, 16-21,
DOI: 10.1109/MNET.2011.6033031.
6. G. R. Barai, S. Krishnan, B. Venkatesh
(2012). Smart metering and functionalities
of smart meters in smart grid - a review,
IEEE Electrical Power and Energy
35

11.

12.

13.

14.

15.

16.

Conference
(EPEC),
8-145,
Doi:
10.1109/EPEC.2 015.7379940.
Q. Sun et al. (2016). A Comprehensive
Review of Smart Energy Meters in
Intelligent Energy Networks, IEEE Internet
of Things Journal, 464-479, Doi:
10.1109/JIOT.2015.2512325.
Yasin Kabalci (2016). A survey on smart
metering and smart grid communication,
Renewable and Sustainable Energy
Reviews,
57:
302-318,
Doi:
https://doi.org/10.1016/j.rser.2015.12.114
A. Chiş, J. Rajasekharan, J. Lundén, V.
Koivunen (2016). Demand response for
renewable energy integration and load
balancing in smart grid communities, The
24th
European
Signal
Processing
Conference (EUSIPCO), 1423-1427. Doi:
10.1109/EUSIPCO.2016.7760483.
R. Burian, M. Gontijo & H. Alvarez
(2019). Robustness and Reliability in Smart
Grid
Solutions.
2019
IEEE
7th
International Conference on Smart Energy
Grid Engineering (SEGE), 59-62, Doi:
10.1109/SEGE.2019.8859947.
Dalstein, T., B. Kulicke (1995). Neural
Network Approach to Fault Classification
for High Speed Protective Relaying, IEEE
Transactions on Power Delivery, 1002–
1011. Doi:10.1109/61.400828.
M Kezunovie (1992). A survey of neural
net applications to protective relaying and
fault analysis, Journal of Intelligent
systems,
185-192,
Available
at:
https://smartgridcenter.engr.tamu.edu/resu
me/pdf/j/nn_survey.pdf
P. He, M. Li, L. Zhao, B. Venkatesh & H.
Li (2018). Water-Filling Exact Solutions for
Load Balancing of Smart Power Grid
Systems, IEEE Transactions on Smart
Grid,
9(2),
1397-1407,
Doi:
10.1109/TSG.2016.2590147.
Moslehi, K. & Kumar, R. (2010). A
Reliability Perspective of the Smart Grid,
IEEE Transactions on Smart Grid, 57-64,
DOI: 10.1109/TSG.2010.2046346.
A. N. Akpolat, S. V. Nese & E. Dursun.
Towards to smart grid: Dynamic line rating.
6th International Istanbul Smart Grids and
Cities Congress and Fair (ICSG), 96-100,
Doi: 10.1109/SGCF.2018.8408950.
D. Pathak, H. Homayoun & I. Savidis.
Smart Grid on Chip: Work Load-Balanced
On-Chip
Power
Delivery,
IEEE

Page 27-41 © MAT Journals 2022. All Rights Reserved

Journal of
Control and Instrumentation Engineering

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

www.matjournals.com

17.

18.

19.

20.

21.

22.

23.

24.

25.

Transactions on Very Large Scale
Integration (VLSI) Systems, 25(9), 25382551, Doi: 10.1109/TVLSI.2017.2699644.
R. Benato et al. (2017). Highly efficient
overhead line innovative conductors with
reduced joule power losses, AEIT
International Annual Conference, 1-6, Doi:
10.23919/AEIT.2017.8240504.
N. G. Chothani, M. B. Raichura, D. D. Patel
& K. D. Mistry (2018). Real-Time
Monitoring & Protection of Power
Transformer to Enhance Smart Grid
Reliability, IEEE Electrical Power and
Energy Conference (EPEC), 1-6, Doi:
10.1109/EPEC.2018.8598427.
R. Prochazka, J. Hlavacek & K. Draxler
(2015). Magnetic Circuit of a High-Voltage
Transformer up to 10 kHz, IEEE
Transactions on Magnetics, 51(1), 1-4, Doi:
10.1109/TMAG.2014.2357784.
V. C. Jishnu Sankar, G. Haritha, G. Nair
Manjula (2017). Thyristor Switched Smart
Transformer for Active Power Flow
Control in Multi Micro grid System, Energy
Procedia,
117,
1007-1014,
https://doi.org/10.1016/j.egypro.2017.05.22
2.
V. Kouhdaragh, I. S. Amiri & S. Seyedi
(2017). Smart grid load balancing methods
to make an efficient heterogeneous network
by using the communication cost function,
IET Networks, 7( 3), 95-102, Doi:
10.1049/iet-net.2017.0103.
Benjamin Rachunok & Roshanak Nateghi
(2019). The Sensitivity of Electric Power
Infrastructure Resilience to the Spatial
Distribution of Disaster Impacts, arXiv,
physics.soc-ph., Doi: 1902.02879.
R. K. Mathew, Ashok S. & Kumaravel S
(2016). Resilience assessment of Electric
Power Systems: A scoping study, IEEE
Students
Conference
on
Electrical,
Electronics
and
Computer
Science
(SCEECS),
1-4.
Doi:
10.1109/SCEECS.2016.7509351.
Z. Bie, Y. Lin, G. Li & F. Li. (2017).
Battling the Extreme: A Study on the Power
System Resilience, Proceedings of the
IEEE,
105(7),
1253-1266,
Doi:
10.1109/JPROC.2017.2679040.
C. Daileda (2017). Hurricane Irma caused
one of the largest natural disaster power
outages in U.S. history, Available at:
https://mashable.com/2017/09/11/hurricane
36

-irma-power-outage-florida.
26. Sayanti Mukherjee, Roshanak Nateghi,
Makarand Hastak (2018). Data on major
power outage events in the continental U.S.,
Data in Brief,
2079-2083, Doi:
https://doi.org/10.1016/j.dib.2018.06.067.
27. Power Outage (2020). Power Outage - an
overview, ScienceDirect Topics, Available
at:
https://www.sciencedirect.com/topics/engin
eering/power-outage
28. R. K. Mathew, Ashok S. & Kumaravel S.
(2016). Resilience assessment of Electric
Power Systems: A scoping study, IEEE
Students' Conference on Electrical,
Electronics
and
Computer
Science
(SCEECS),
1-4,
Doi:
10.1109/SCEECS.2016.7509351.
29. Daniel F. D'Amico, Steven M. Quiring,
Christopher M. Maderia, D. Brent
McRoberts
(2019).
Improving
the
Hurricane Outage Prediction Model by
including tree species, Climate Risk
Management,
100-193,
Doi:
https://doi.org/10.1016/j.crm.2019.100193.
30. V. Krishnamurthy & A. Kwasinski (2013).
Characterization of power system outages
caused by hurricanes through localized
intensity indices, IEEE Power & Energy
Society General Meeting, 1-5, Doi:
10.1109/PESMG.2013.6672393.
31. A. Jaech, B. Zhang, M. Ostendorf & D. S.
Kirschen (2019). Real-Time Prediction of
the Duration of Distribution System
Outages, IEEE Transactions on Power
Systems,
34(1),
773-781,
Doi:
10.1109/TPWRS.2018.2860904.
32. M. Papic, D. Angell, P. Van Patten & B.
Efaw (2018). Historical Performance
Analysis of Transmission Lines Using
Idaho Power Company's Outage Database
GTORS, IEEE International Conference on
Probabilistic Methods Applied to Power
Systems
(PMAPS),
1-6,
Doi:
10.1109/PMAPS.2018.8440561.
33. Guikema, Seth & Quiring, Steven & Han,
Seung-Ryong (2010). Prestorm Estimation
of Hurricane Damage to Electric Power
Distribution Systems, Risk analysis: an
official publication of the Society for Risk
Analysis, 1744-52, Doi: 10.1111/j.15396924.2010.01510.x.
34. Liu, Haibin & Davidson, Rachel &
Rosowsky, David & Stedinger, Jery (2005).

Page 27-41 © MAT Journals 2022. All Rights Reserved

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

Journal of
Control and Instrumentation Engineering
www.matjournals.com

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Negative Binomial Regression of Electric
Power Outages in Hurricanes, Journal of
Infrastructure Systems-J INFRASTRUCT
SYST, 11, Doi: 10.1061/(ASCE)10760342(2005)11:4(258).
Reed, D. A. (2008). Electric utility
distribution analysis for extreme winds, J.
Wind Eng. Ind. Aerodyn, 96, 123–140,
https://doi.org/10.1016/j.jweia.2007.04.002.
Izadi, Mahdi et al. (2017. The influence of
lightning induced voltage on the
distribution power line polymer insulators,
PloS
one,
12,
Doi:10.1371/journal.pone.0172118.
R. C. Dugan (2012). Electrical power
systems quality, New York: McGraw Hill.
2012.
Mills, B., Unrau, D., Pentelow, L. et al.
(2010). Assessment of lightning-related
damage and disruption in Canada, Nat
Hazards,
52,
481–499,
Doi:
https://doi.org/10.1007/s11069-009-9391-2.
R. C. Dugan, C. W. Williams & H. Sharma
(2007). Low-Side Surges in Distribution
Transformers, IEEE Rural Electric Power
Conference,
C4-C4-7,
Doi:
10.1109/REPCON.2007.369558.
DT Subcormnittee (1992). Secondary (lowside) surges in distribution transformers,
IEEE Transactions on Power Delivery,
7(2), 746-756, Doi: 10.1109/61.127077.
Erik Linask (2018). Massive Earthquake
Causes Power Outage for 5 Million in
Japan, Your Complete Power Protection
Resource
Center,
Available
at:
https://www.powerprotectionresource.com/
articles/439594-massive-earthquake-causespower-outage-5-million-japan.htm.
R. J. Geller, D. D. Jackson, Y. Y. Kagan &
F. Mulgaria (1997). Earthquakes cannot be
predicted, Science, 275, 1616-1617, DOI:
10.1126/science.275.5306.1616.
Panakkat, Ashif & Adeli, Hojjat (2007).
Neural network models for earthquake
magnitude prediction using multiple
seismicity indicator, International journal
of
neural
systems,
13-33,
Doi:
10.1142/S0129065707000890.
M. Mouri, A. Funase, I. Takumi, A.
Cichocki, H. Yasukawa & M. Hata (2008).
Improvement of Earthquake Prediction by
using Global Signal Elimination from
Environmental Electromagnetic Signals,
IEEE International Geoscience and Remote
37

45.

46.

47.

48.

49.

50.

51.

52.
53.

Sensing
Symposium,
Doi:
10.1109/IGARSS.2008.4780155.
M. S. Liew, K. U. Danyaro, M. Mohamad,
L. E. Shawn & A. Aulov (2017). Ground
Motion Prediction Equations for Malaysia
Due to Subduction Zone Earthquakes in
Sumatran Region, IEEE Access, 2392023937,
Doi:
10.1109/ACCESS.
2017.2748360.
L. Zhang, L. Si, H. Yang, Y. Hu & J. Qiu
(2019). Precursory Pattern Based Feature
Extraction Techniques for Earthquake
Prediction, IEEE Access, 30991-31001,
Doi: 10.1109/ACCESS.2019.2902224.
Y. Y. Kagan (1996). Van Earthquacke
predictions a statistical evaluation,
Geophysical Resarch Letters, 23( 11),
1315-1318, DOI:10.1029/95GL03417.
M. Matthews, W. Ellsworth & P.
Reasenberg (2002). A Brownian model for
recurrent earthquakes, Bulitin of the
Sesmological Socity of America, 92( 6),
2233-2250,
https://doi.org/10.1785/0120010267.%20
H. Reid (2010). The mechanism of the
earthquake: The Californian Earthquake of
April 18, 1906. Report of the state
Earthquacke Investigation Commissions
Carnegie Institute of Washington, 2, 16-28,
Available
at:
https://publicationsonline.carnegiescience.e
du/publications_online/earthquake_volume.
pdf
C.-C. Liu, S. McArthur, & S.-J. Lee
(2016). Smart grid Devices, Chichester,
West Sussex, United Kingdom: John Wiley
& Sons Ltd.
P. Vinett et.al. (1992). Application of a
superconducting magnetic energy storage
device to improve facility power quality,
proceedings of the second international
conference on power quality: endues
applications
and
perspectives,
DOI:10.1109/ICGE.2014.6835433.
Kerr, K. Electronics and Power, Power
Transformer Handbook, 33(9).
Rosli Omar, Azhar Ahmad & Marizan
Sulaiman (2010). Triplen Harmonics
Mitigation
3
Four-Wire
Electrical
Distribution System Using Wye- Zig-Zag,
Journal of of Emerging Emerging Trends
Trends in in Engineering Engineering and
and Applied Applied Sciences (JETEAS)
(JETEAS),
Available
at:

Page 27-41 © MAT Journals 2022. All Rights Reserved

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

Journal of
Control and Instrumentation Engineering
www.matjournals.com

https://hdl.handle.net/10520/EJC156738
54. Vlahinic, Sasa & Brnobic, Dalibor &
Vučetić, Dubravk. Measurement and
analysis of harmonic distortion in power
distribution systems. Electric Power
Systems Research - ELEC POWER SYST
RES,
79,
1121-1126,
Doi:
10.1016/j.epsr.2009.02.004.
55. M. H. J. Bollen, S. Bahramirad & A.
Khodaei (2014). Is there a place for power
quality in the smart grid?, 16th
International Conference on Harmonics
and Quality of Power (ICHQP), 713-717,
Doi: 10.1109/ICHQP.2014.6842865.
56. Mentor.ieee.org. (2019). Available at:
https://mentor.ieee.org/3000stds/dcn/19/stds-19-0004-00-PUBS-30028.pdf.
57. D. Amaripadath et al. (2017). Power quality
disturbances on smart grids: Overview and
grid measurement configurations, 52nd
International
Universities
Power
Engineering Conference (UPEC), 1-6, Doi:
10.1109/UPEC.2017.8231975.
58. Mclorn, Gareth & Laverty, D. M. &
Morrow, D. J. & Mcloone, Sean (2019).
Load
and
harmonic
distortion
characterization of modern low-energy
lighting under applied voltage variation,
Electric Power Systems Research, 124-138,
Doi: 10.1016/j.epsr.2018.12.029.
59. Standards.ieee.org (2019), IEEE 1159-2009
-IEEE
Recommended
Practice
for
Monitoring Electric Power Quality,
Available
at:
https://standards.ieee.org/standard/11592009.html
60. IEEE
Recommended
Practice
and
Requirements for Harmonic Control in
Electric Power Systems – Redline (2014),
IEEE Std 519-2014 (Revision of IEEE Std
519-1992)–Redline, 1-213.
61. Standards.ieee.org (2020). IEEE 30002
Standards: Power System Analysis,
Available
at:
https://standards.ieee.org/standard/11592009.html
62. Z. A. Obaid, L. M. Cipcigan, L. Abrahim,
& M. T. Muhssin (2018). Frequency control
of future power systems: reviewing and
evaluating challenges and new control
methods, Journal of Modern Power Systems
and Clean Energy, 7(1), 9–25.
63. Ying-Hong Lin, Chih-Wen Liu & Ching38

64.

65.

66.

67.

68.

69.

70.

71.

Shan Chen. A new PMU-based fault
detection/location
technique
for
transmission lines with consideration of
arcing fault discrimination-part I: theory
and algorithms. IEEE Transactions on
Power Delivery. 2004; 19( 4): 1587-1593.
Doi: 10.1109/TPWRD.2004.832407.
M. S. Pranav, C. Karthik, D. Kavitha, K.
Vishal, J. Tarun and V. Vanitha.Fault
Detection and Classification in Three Phase
Transmission
Lines
using
Signal
Processing. 3rd IEEE International
Conference on Recent Trends in Electronics
Information & Communication Technology
(RTEICT).
2018:347-350.
Doi:
10.1109/RTEICT42901.2018.9012246.
G. Devadasu and M. Sushama. A novel
multiple fault identification with fast fourier
transform
analysis,
International
Conference on Emerging Trends in
Engineering. Technology and Science
(ICETETS). 2016.
Mishra S. Detection and classification of
power quality disturbances using STransform and probabilistic neural network.
IEEE/PES Power Systems Conference and
Exposition.
2009.
Doi:
10.1109/psce.2009.4840264.
. (2019).Introduction to the Discrete
Wavelet Transform (DWT), EEL 6562
Course Material. [Online]. Available:
https://mil.ufl.edu/nechyba/www/eel6562/c
ourse_materials/t5.wavelets/intro_dwt.pdf.
R. P. Hasabe and A. P. Vaidya. Detection
and classification of faults on 220 KV
transmission line using wavelet transform
and neural network. International Journal
of Smart Grid and Clean Energy. 2014.
Chul-Hwan Kim, Hyun Kim, Young-Hun
Ko, Sung-Hyun Byun, R. K. Aggarwal and
A. T. Johns. A novel fault-detection
technique of high-impedance arcing faults
in transmission lines using the wavelet
transform. IEEE Transactions on Power
Delivery.2002;17(4):921929.Doi:10.1109/TPWRD.2002.803780.
K. Chen, C. Huang, and J. He. Fault
detection, classification and location for
transmission lines and distribution systems:
a review on the methods. High Voltage.
2016; 1( 1): 25-33.
P.
Chiradeja
and
C.
Pothisarn,.
Identification of the fault location for threeterminal transmission lines using discrete

Page 27-41 © MAT Journals 2022. All Rights Reserved

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

Journal of
Control and Instrumentation Engineering
www.matjournals.com

72.

73.

74.

75.

76.
77.

78.

79.

80.

81.

wavelet transforms. Transmission &
Distribution Conference & Exposition: Asia
and Pacific. 2009.
S. A. Gafoor & P. V. R. Rao (2006).
Wavelet
Based
Fault
Detection,
Classification and Location in Transmission
Lines, IEEE International Power and
Energy Conference.
Libal U, Hasiewicz Z. (2018). Wavelet
based rule for fault detection, IFAC-Papers
On
Line,
255–262,
Doi:
10.1016/j.ifacol.2018.09.585.
A. Prasad & J. B. Edward (2016).
Application of Wavelet Technique for
Fault Classification in Transmission
Systems, Procedia Computer Science, 92,
8–83.
Z. He, L. Fu, S. Lin & Z. Bo (2010). Fault
Detection and Classification in EHV
Transmission Line Based on Wavelet
Singular Entropy, IEEE Transactions on
Power Delivery, 25(4), 2156-2163, Doi:
10.1109/TPWRD.2010.2042624.
T. M. Cover & J. A. Thomas (2005).
Elements of Information Theory. Jul. 2005.
LDA(2019). Linear Discriminant Analysis A
Brief
Tutorial,
Available
at
:https://www.isip.piconepress.com/publicati
ons/reports/1998/isip/lda/lda_theory.pdf
Yadav A, Swetapadma A. A novel
transmission line relaying scheme for fault
detection and classification using wavelet
transform and linear discriminant analysis.
Ain Shams Engineering Journal. 2015; 6:
99–209. Doi: 10.1016/j.asej.2014.10.005.
Yadav and A. Swetapadma. A novel
transmission line relaying scheme for fault
detection and classification using linear
discriminant
analysis.
Ain
Shams
Engineering Journal. 2015; 6(1): 199–209.
Kumar,
Dhruba;
Bhowmik,
Partha
Sarathee. Artificial neural network and
phasor data-based islanding detection in
smart grid. IET Generation, Transmission
&amp Distribution. 2018; 12(21): 58435850. Doi: IET Digital Library, Doi:
https://digitallibrary.theiet.org/content/journals/10.1049/i
et-gtd.2018.6299
Avagaddi Prasad, J. Belwin Edward, K.
Ravi. A review on fault classification
methodologies in power transmission
systems: Part-I. Journal of Electrical
Systems and Information Technology. 2018;
39

82.

83.

84.

85.

86.

87.

88.

89.

90.

5(1): 61-67. Doi: https://doi.org/10.1016
/j.jesit.2016.10.003.
Avagaddi Prasad, J. Belwin Edward, K.
Ravi. A review on fault classification
methodologies in power transmission
systems: Part-II. Journal of Electrical
Systems and Information Technology. 2018;
5(1): 61-67. Doi: ttps://doi.org/10.1016
/j.jesit.2016.10.003.
Heo S, Lee JH. Fault detection and
classification using artificial neural
networks. IFAC-PapersOnLine. 2018; 51:
470–475.
Doi:
10.1016/j.ifacol.2018.09.380.
Koley E, Jain A, Thoke AS, et al..
Detection and classification of faults on six
phase transmission line using ANN. 2nd
International Conference on Computer and
Communication Technology (ICCCT-2011).
2011. Doi: 10.1109/iccct.2011.6075177.
Parikh UB, Das B, Maheshwari R. Fault
classification
technique
for
series
compensated transmission line using
support vector machine. International
Journal of Electrical Power & Energy
Systems. 2010; 32: 629–636. Doi:
10.1016/j.ijepes.2009.11.020.
Livani H, Evrenosoglu CY. A machine
learning and wavelet-based fault location
method for hybrid transmission lines. IEEE
PES T&D Conference and Exposition.
2014. Doi: 10.1109/tdc.2014.6863282.
Ray P, Mishra DP. Support vector machine
based fault classification and location of a
long transmission line, Engineering Science
and Technology. International Journal.
2016;
19:
1368–1380.
Doi:
10.1016/j.jestch.2016.04.001.
Ying-Hong Lin, Chih-Wen Liu and ChingShan Chen. A new PMU-based fault
detection/location
technique
for
transmission lines with consideration of
arcing
fault
discrimination-part
II:
performance evaluation. IEEE Transactions
on Power Delivery. 2004; 19(4): 15941601. Doi: 10.1109/TPWRD.2004.835276.
IEEE. IEEE Guide for Determining Fault
Location on AC Transmission and
Distribution Lines, IEEE Std C37.114-2014
(Revision of IEEE Std C37.114). 2015:.176. Doi: 10.1109/IEEESTD.2015.7024095.
K. Zimmerman and D. Costello.
Impedance-Based
Fault
Location
Experience. IEEE Rural Electric Power

Page 27-41 © MAT Journals 2022. All Rights Reserved

Journal of
Control and Instrumentation Engineering

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

www.matjournals.com

Conference.
2006:
1-16.
Doi:
10.1109/REPCON.2006.1649060.
91. Zimmerman, Karl & Costello, David.
Impedance-Based
Fault
Location
Experience. IEEE Rural Electric Power
Conference.
2005;
211-226.
Doi:
10.1109/CPRE.2005.1430435.
92. S. Das, S. Santoso, A. Gaikwad and M.
Patel. Impedance-based fault location in
transmission
networks:
theory
and
application. IEEE Access. 2014; 2: 537-557.
Doi: 10.1109/ACCESS.2014.2323353.
93. Rao, T.C. & Ram, S.S. & Subrahmanyam.
Fault Signal Recognition in Power
Distribution System using Deep Belief
Network. Journal of Intelligent Systems.
2018. Doi: 10.1515/jisys-2017-0499.
94. Chen, P., Xu, B., Li, J. et al..Modern
travelling wave based fault location
techniques for HVDC transmission lines.
Trans. Tianjin Univ. 2008; 14: 139–143.
Doi: https://doi.org/10.1007/s12209-0080025-7.
95. David J Griffs, Introduction to Quantum
Mechanics, 2nd edn., Pearson, New Jersy.
1995.
96. D. Spoor and J. G. Zhu. Improved singleended traveling-wave fault location
algorithm based on experience with
conventional substation transducers. IEEE
Trans. Power Del. 2006: 21, 1714–1720.
97. Lei, Aoyu, X. Dong, Shenxing Shi and B.
Wang.
Research
of
wave-head
characteristics of the fault-generated
travelling wave on transmission line in
different frequency bands. Modern Electric
Power Systems (MEPS). 2015: 1-6.
98. Akpolat, Alper Nabi, et al.. Towards to
Smart Grid: Dynamic Line Rating. The 6th
International Istanbul Smart Grids and
Cities Congress and Fair (ICSG). 2018.
Doi:10.1109/sgcf.2018.8408950.
99. Andrea Michiorri, Huu-Minh Nguyen,
Stefano Alessandrini, John Bjørnar
Bremnes, Silke Dierer, Enrico Ferrero,
Bjørn-Egil Nygaard, Pierre Pinson,
Nikolaos
Thomaidis,
Sanna
Uski.
Forecasting for dynamic line rating.
Renewable and Sustainable Energy
Reviews. 2015; 52: 1713-1730. Doi:
https://doi.org/10.1016/j.rser.2015.07.134.
100. J. Teh et al.,. Prospects of Using the
Dynamic Thermal Rating System for
Reliable Electrical Networks: A Review.
40

IEEE Access. 2018; 6: 26765-26778. Doi:
10.1109/ACCESS.2018.2824238.
101. S. Talpur, C. J. Wallnerström, P. Hilber and
S. N. Saqib. Implementation of Dynamic
Line Rating technique in a 130 kV regional
network. IEEE International Multi Topic.
2014,
477-482.
Doi:
10.1109/INMIC.2014.7097387.
102. C. R. Black and W. A. Chisholm. Key
Considerations for the Selection of
Dynamic Thermal Line Rating Systems.
IEEE Transactions on Power Delivery.
2015;
30(5):
2154-2162.
Doi:
10.1109/TPWRD.2014.2376275.
103. D. Douglass et al.. Real-Time Overhead
Transmission-Line
Monitoring
for
Dynamic Rating. IEEE Transactions on
Power Delivery. 2016; 31(3): 921-927. Doi:
10.1109/TPWRD.2014.2383915.
104. Soheila Karimi, Petr Musilek, Andrew M.
Knight. Dynamic thermal rating of
transmission lines: A review. Renewable
and Sustainable Energy Reviews. 2018; 91:
600-612.
Doi:
https://doi.org/10.1016/j.rser.2018.04.001
105. R. K. Henke and S. C. Sciacca. Dynamic
thermal rating of critical lines-a study of
real-time interface requirements. IEEE
Computer Applications in Power. 1989; 2(
3): 46-51. Doi: 10.1109/67.31832.
106. Bhuiyan Md Abul Ehsan, Fatema Begum,
Sheikh Jawad Ilham, Raihan Sayeed Khan.
Advanced wind speed prediction using
convective weather variables through
machine learning application. Applied
Computing and Geosciences. 2019: 1,
2590-1974.
Doi:
https://doi.org/10.1016/j.acags.2019.10000
2.
107. Giebel, Gregor & Brownsword, Richard &
Kariniotakis, George & Denhard, Michael
& Draxl, Caroline. The State of the Art in
Short-Term Prediction of Wind Power. A
Literature Overview. 2011.
108. H. Shaker, M. Fotuhi-Firuzabad and F.
Aminifar. Fuzzy Dynamic Thermal Rating
of Transmission Lines. IEEE Transactions
on Power Delivery. 2012; 27(4): 18851892.
Doi:
10.1109/TPWRD.2012.2193672.
109. S. Karimi, A. M. Knight and P. Musilek. A
comparison
between
fuzzy
and
probabilistic estimation of Dynamic
Thermal Rating of transmission lines. IEEE

Page 27-41 © MAT Journals 2022. All Rights Reserved

Journal of
Control and Instrumentation Engineering

e-ISSN: 2582-3000
Volume-8, Issue-1 (January-April, 2022)

www.matjournals.com

International Conference on Fuzzy Systems
(FUZZ-IEEE). 2016: 1740-1744. Doi:
10.1109/FUZZ-IEEE.2016.7737900.
110. S. D. Kim and M. M. Morcos. An
Application of Dynamic Thermal Line
Rating Control System to Up-Rate the
Ampacity of Overhead Transmission Lines.
IEEE Transactions on Power Delivery.
2013;
28(2):
1231-1232.
Doi::
10.1109/TPWRD.2012.2234940.
111. Staszewski, Łukasz, and Waldemar

41

Rebizant. DLR-Supported Overcurrent
Line Protection for Blackout Prevention.
Electric Power Systems Research. 2018:
155. Doi:10.1016/j.epsr.2017.10.009.
112. Soheila Karimi, Petr Musilek, Andrew M.
Knight. Dynamic thermal rating of
transmission lines: A review. Renewable
and Sustainable Energy Reviews. 2018; 91:
600-612.
Doi:
https://doi.org/10.1016/j.rser.2018.04.001

Page 27-41 © MAT Journals 2022. All Rights Reserved

