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Abstract
The integration of renewable energy sources (RESs), such as solar and wind power, into power systems presents unique
challenges for transmission line protection. Traditional distance protection schemes may not be adequately sensitive or
adaptable to the dynamic characteristics of RES-connected lines. To address these challenges, this paper proposes an intelligent
novel protection scheme that combines fuzzy logic system for fault detection/classification with regression-based bagged
ensemble learning for fault location estimation. The proposed scheme utilizes voltage signals of the bus connected to renewable
energy sources processed with discrete Fourier transform (DFT) to extract relevant features for fault diagnosis. A Mamdani-
based fuzzy inference system is implemented to analyze the DFT-extracted features and make decisions regarding fault
occurrence and type. A bagged ensemble learning approach, incorporatingmultiple regression trees, is employed to accurately
estimate the fault location along the transmission line. The performance and efficacy of the proposed protection scheme are
verified through extensiveMATLAB/SIMULINKsimulations on the transmission linemodel integratedwith renewable energy
sources (solar and wind) considering the variations in different fault parameters with different solar irradiations and wind
speeds. The results demonstrate that the scheme effectively detects and classifies various fault types in one cycle time, even
under dynamic RES generation conditions. The proposed scheme achieved 99.56% accuracy in fault detection/classification
confirming its reliable operation. Further, the proposed fault location estimation approach approximates the fault location
within ± 5% error band, and the Chi-square test is performed to assess its reliability.

Keywords Ensemble learning · Fault detection/classification · Fault location · Fuzzy inference · Line protection · Renewable
energy · Solar photovoltaic · Wind farm
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FD Fault detection
FDC Fault detection and classification

B Gotte Vikram Raju
gottevr@student.nitw.ac.in

1 Department of Electrical Engineering, National Institute of
Technology, Warangal, India
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PLL Phase locked loop
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1 Introduction

The global electrical energy demand is steadily increasing,
driven by population growth, urbanization, and technolog-
ical advancements. This escalating demand necessitates a
sustainable energy for the future. The growing demand must
be met besides addressing the challenge of climate change.
To reduce the carbon emissions from conventional sources,
nations across the globe are rapidly shifting towards renew-
able energy sources like solar and wind rather than fossil
fuels for power generation. The integration of these inher-
ently variable and geographically dispersed sources into the
existing power grid poses significant challenges, especially
in transmission line protection. Due to terrestrial and envi-
ronmental conditions, renewable energy generation is not
possible at all locations. The generated renewable power is to
be transmitted to the load centres wherever it is required. The
regional disparities in generation as well as demand necessi-
tate the use of transmission lines.

The settings of conventional distance protection schemes
are developed assuming the grid is solely supplied by the
synchronous generators. Upon integration of renewables,
the intermittent nature of renewable power sources creates
problems to the distance relay operation that relies on the
positive sequence components of voltage and current signals.
The relay may issue false trips and experience underreach
or overreach problems depending on the system operating
conditions. Further, the faulty phase identification gets com-
plicated due to the partial cancellation of positive and zero
sequence components of currents during faults resulting in
reduced fault currents than the healthy phase currents, i.e.
accounted for the control mechanisms of the voltage source
converters associated with the RES [1, 2]. A few latest papers
were reviewed regarding the protection of transmission lines
connected to RES.

Several authors have proposed different protection
schemes to identify the faults on transmission lines connected
to renewable energy sources which include modified dis-
tance protection, differential protection, pilot protection, and
training-based artificial intelligent schemes. The pilot pro-
tection scheme utilizing currents at both ends of the line with
a dynamic time warping algorithm reported in [3] is only for
balanced faults and the pilot protection scheme implemented
in [4] requires synchronized voltage and current data for fault
impedance calculation using short line and distributed line
models for wind power integrated transmission lines. Simi-
larly, a modified fast distance relaying scheme utilizing the
short line (R-L model) and Bergeron model of transmis-
sion line [5] and a modified polygonal distance protection
for improved zone-1 performance [6] are proposed for wind
farm connected transmission lines. Also, modified distance
protection in [7] utilizing local voltage and current informa-
tion for calculating line impedance and phase angle of fault

impedance, differential protection in [8] utilizing signed cor-
relation and fault index comparison to detect faults with the
help of phase currents at both ends of the line, directional
protection based on high frequency in [9] with the help of
two independent relays processing voltage and current infor-
mation available at ends of the line locally, and distance
protection schemes employing least squares estimation [10]
and multiple signal classification algorithm [11] to extract
frequency components of voltage and current near to funda-
mental frequency are proposed by different authors to detect
faults on the transmission lines connected towind farms.Dis-
tance protection schemes for transmission lines connected to
solar photovoltaic (PV) systems were also reported, viz. dis-
tance protection based on positive sequence network [12,
13] utilizing either PV side or grid side voltage and cur-
rent information, and improved/modified distance protection
based on fault impedance calculation in [14, 15] either utiliz-
ing synchronized/unsynchronized voltage and current data.
Artificial intelligence-based protection schemes were also
reported for the transmission lines connected to renewable
energy sources. An enhanced distance protection with the
help of support vector machine-based regression [16] for
PV connected lines, ANFIS-based fault detection only for
wind farm connected lines [17], fault detection/classification
technique for wind farm connected lines using transient
monitoring index with support vector machine in [18] and
in [19] maximal overlap discrete wavelet transform with
ANN for symmetrical fault detection only, and the intelli-
gent protection methods [20, 21] for FACTS compensated
line connected to wind farm with deep convolution neural
network using variational mode decomposition and random
forest classifier using intrinsic time scale decomposition are
reported in the literature. Further, PSO optimized thresholds
for adaptive differential protection of transmission lines con-
nected to wind power systems are presented in [22, 23].

The protection schemes reported in most of the above-
mentioned literature are hectic mathematical analysis-based
distance/pilot/differential protection schemes which either
require single/double end synchronized/unsynchronized cur-
rent and/or voltage data for the protection task. On the other
hand, the AI-based protection methods are reported which
require massive datasets towards training the AI protec-
tion modules for fault detection/classification considering
different operating scenarios of the system. Further, some
protection schemes are implemented for the detectionof sym-
metrical or balanced faults only.

This paper presents an intelligent novel protection scheme
with a fuzzy logic system to identify and classify the short
circuit faults of the transmission line connected to RES (solar
and wind power sources). The voltage signals of the bus con-
nected to renewable energy sources are pre-processed with
DFT are the inputs to the proposed Mamdani based fuzzy
inference system for fault detection/classification. A bagged
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ensemble learning approach with regression decision trees
is proposed for fault location estimation using the DFT pro-
cessed voltage signals. The remaining paper is structured as
follows: Sect. 2 presents the considered power systemmodel
details, Sect. 3 presents the feature extraction method and
proposed protection scheme implemented, results and dis-
cussion are dealt in Sect. 4, and lastly conclusion in Sect. 5.

The key points of the proposed protection method are:

• The proposed scheme of protection approach with FIS
demonstrates robust performance in identifying and clas-
sifying various fault types, even under variable generation
conditions of the RES connected to lines.

• This scheme achieved an accuracy of 99.56% in fault
detection and classification utilizing only single end volt-
age data that eliminates the use of communication link.
Hence no communication latency.

• The FIS-based protection scheme is simple to implement
and does not require any training for protection purposes.

• The bagged ensemble approach effectively reduces the
estimation errors, ensuring a better approximation of the
fault location that facilitates swift repair and restora-
tion, minimizing downtime and enhancing grid resilience.

• The proposed approach demonstrates the potential of
combining fuzzy logic, ensemble learning, and signal pro-
cessing techniques for developing intelligent protection
systems adaptable to modern power grids.

2 Details of power systemmodel

In the present work, a 200 km length transmission line
(400 kV and 50 Hz) connected to RES is considered.
Figure 1 depicts the single-line schematic representation of
the transmission system model with RES blocks and block
representation of the protection scheme proposed. The repre-
sented power transmission system is modelled and simulated
utilizing the MATLAB/Simulink platform. A three-phase
power source represented with Thevenin’s equivalent having
1.25 GVA short circuit capacity, and 10 X/R ratio is con-
nected to one end of the line at Bus B3 represents the 400 kV,
50Hz grid. The RES are connected at the other end of the line
atBusB1.The solar andwindpowers of each50MWare inte-
grated into the power system through the transmission line.
The MATLAB components, viz. distributed parameters line
block based on Bergeron’s line model and three-phase fault
breakers are used to simulate the transmission line having
shunt capacitance effect and various fault types, respectively.
The voltage samples collected at Bus B1 are utilized for the
proposed protection technique. The parameters of the trans-
mission line are given in Appendix I.

The solar photovoltaic (PV)power plant ratedwith 50MW
power consists of PV module, DC-DC boost converter,
and voltage source inverter with a step-up transformer. A
schematic representation of the solar power plant is shown
in Fig. 2.An aggregatemodel of the 50MWsolar power plant
is developed in MATLAB/Simulink that constitutes 50 num-
ber of solar PV parallel arrays each of 1 MW rated power.
Each array consists of 205 number of parallel strings and each
string has 14 number of series connected modules. The solar
PV power plant data and the specifications of the PV mod-
ule are given in Appendix II. The DC-DC boost converter
is used to boost the PV voltage and extract the maximum
power from the PV plant with perturb and observe maximum
power point tracking algorithm. The 2-level three-phase volt-
age source inverter (VSI) and step-up transformer are used to
interface/integrate the power of the PV plant into the power
system. The block schematic of the inverter control is shown
in Fig. 3. For further details on the design aspects related to
the PV system, interested readers can refer to [24, 25].

The wind power is generated using the doubly fed induc-
tion generators (DFIG). Figure 4 presents the schematic
representation of the DFIG-based wind farm. An aggregate
model of the 50 MW wind power farm is developed in
MATLAB/Simulink. The DFIG-based wind farm rated with
50 MW power consists of 33 number of wind turbine gen-
erators each of 1.5 MW rated power. The DFIG-based wind
farm data is given in Appendix III. The wind turbine system,
wound rotor induction generator, back-to-back converters
(grid side converter (GSC) and rotor side converter (RSC))
with its associated control system, and the step-up trans-
former constitute the wind power farm. The power generated
by wind farm is fed to the power system through the step-up
transformer where the stator windings are directly connected
to the transformer and rotor windings are connected through
the back-to-back converters. The 2-level converters are used
for GSC and RSC that maintain the dc link voltage and con-
trol the rotor currents, respectively. The block schematics of
the converter control for RSC and GSC are shown in Figs. 5
and 6. For further details on the design aspects related to the
wind power system, interested readers can refer to [24, 25].

3 Signal pre-processing and proposed
scheme of protection

Generally, any digital scheme of protection involves majorly
two stages. The first stage is the signal pre-processing to
extract the relevant features useful for the protection task.
The second stage is the implementation of the scheme of
protectionwith the extracted features. In the presentwork, the
simple and most widely applied discrete Fourier transform is
employed as the signal processing technique and the scheme
of protection is developed utilizing the fuzzy logic system
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Fig. 1 Single-line schematic representation of power transmission system model along with block diagram of proposed protection method

Fig. 2 Schematic representation of solar PV power source

Fig. 3 Block schematic of inverter control
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Fig. 4 Schematic representation of the DFIG-based wind farm

and ensemble learning approach with features retrieved by
DFT.

3.1 DFT based feature extraction

The raw and unprocessed instantaneous fault information
(either voltage or current data) captured at the relaying loca-
tion are very transitory and oscillatory in nature due to which
they cannot be directly used for the protection job. Hence,
the raw fault data discretization and pre-processing with suit-
able digital signal processing technique is crucial. In the
present study, the voltage samples collected at Bus B1 are
only employed for the protection job because the amount
of current injected into the grid may vary depending upon
the intermittent operating conditions of the RES. But, irre-
spective of RES operating conditions, the voltage at Bus B1
is maintained almost invariable due to the control action of
voltage source converters of RES. The initial stage of sig-
nal processing involves the filtering of three-phase voltage
signals at Bus B1 using a low pass Butterworth anti-aliasing
filter of second-order with 480 Hz cutoff frequency to ensure
the removal of higher order voltage harmonics. According

to the Nyquist sampling criterion, the filtered voltage sig-
nal is sampled with a 1 kHz sampling frequency. Using the
discrete Fourier transform, the amplitude of the voltage sig-
nal’s fundamental component is extracted/determined from
the discrete voltage samples. Equation (1) gives Vp(k), the
discrete Fourier transform of vp(n) (discrete voltage samples)
[26].

Vp(k) � 1

M

M−1∑

n�0

vp(n)e
− j2πnk

M (1)

where Vp(k) is the voltage phasor, vp(n) is a discretized volt-
age signal, p � a, b, and c phases, n, k � 0, 1, 2, 3, …,
M-1 are sample numbers, order of frequency stamps, and
M is the number of samples per cycle. The zero-sequence
voltage is determined utilizing MATLAB’s sequence anal-
yser to ensure the ground involvement in the fault loop of
grounded faults. Therefore, the features extracted relevant to
the scheme of protection are the magnitudes of fundamen-
tal component and zero-sequence component of three-phase
voltage samples, viz. {|Va|, |Vb|, |Vc|, and|V0|}.
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Fig. 5 Block schematic of RSC control

Fig. 6 Block schematic of GSC control

3.2 Proposed scheme of protection

The fuzzy logic system is used for the detection and clas-
sification of short circuit faults of the transmission line.
Fuzzy logic systems are one of the AI techniques that are
based on the fuzzy logic mathematical framework which
works on vague/imprecise input data to produce precise
output mimicking human like reasoning. These are simple,
flexible, and have an easily implementable structure. They

can solve nonlinear problems without intense computational
effort regardless of the system’s mathematical model. Fuzzy
set theory forms the base for fuzzy logic concepts. Unlike the
traditional binary logic where the possible outcomes are cat-
egorized as either completely true or false, i.e. 1 or 0, fuzzy
logic introduces the concept of partial truthiness or falseness
ranging its degree from 0 to 1 that embraces the ambigu-
ity of real-world problems. These rule-based systems make
decisions using the fuzzy logic idea. The execution of these
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Fig. 7 Fuzzification of inputs and outputs

systems is based on a set of devised“if–then” fuzzy rules that
establish conditional relationships mapping the input–output
fuzzy sets represented by themembership functions. The exe-
cution involves processes like fuzzifying inputs and outputs,
fuzzy inference processing, and defuzzification of outputs
[27].

A single module of the Mamdani fuzzy inference system
(FIS) is developed using MATLAB’s Fuzzy Logic Tool-
box to make decisions about the transmission line fault type
and its occurrence. The FIS accepts four inputs {|Va|, |Vb|,
|Vc|, and|V0|} and provides four outputs {A, B, C, andG} to
identify and classify the faults. The inputs and outputs are
organized into different fuzzy sets with the fuzzy linguis-
tic variables labelled as F (fault), VF (verge of fault), and
UF (unfault) for the inputs, and L (Low),M (Medium), and
H (High) for the outputs. The fuzzy linguistic variables of
the inputs and outputs are represented with the trapezoidal
(F, L, and H) and triangular (VF, UF, and M) membership
functions. Figure 7 depicts the graphical representation of
the fuzzification of inputs and outputs.

The suggested protection scheme employs 23 fuzzy rules
that are formulated with the input–output fuzzy linguistic
variables to detect/classify the faults. Table 1 presents the
formulated fuzzy rule base of the scheme with rule no. #1
as “If |Va| is UF and |Vb| is UF and |Vc| is UF then A is L,

B is L, C is L”. In a similar fashion, all other framed rules
can be interpreted. The outputs {A, B, and C} are dedicated
to detect the phase(s) is faulty or healthy represented with
the output labels “ + 1” or “−1”, respectively. Similarly,
the output {G} is engaged in the detection of ground for the
grounded faults. The centroid method of defuzzification is
applied to the aggregated fuzzy outputs to deliver a crisp
value that signifies the fault severity. Whenever a fault is
detected, the faulty phase output of the FIS module shows
“High” with label “ + 1” and for healthy phase the module
output is “Low”with “−1”. The OR operation is performed
on the FIS outputs {A, B, andC} to issue the trip signal to the
circuit breaker. The upper and lower limits of fault detection
and classification are considered as + 1 and −1 to represent
the faulty and healthy conditions of the line and to avoid any
unnecessary relay operation for small voltage fluctuations
that might be considered as faults. The overlapping region of
membership functions ‘VF’ and ‘F’ of inputs {|Va|, |Vb|, and
|Vc|} take care of small voltage dips/drops where FIS outputs
vary from 0 to + 1 depending on fault severity. If the voltage
sag persists and drops further, the FIS outputs take a transition
from 0 to + 1 depending on the abnormality severity. Sim-
ilarly, the voltage fluctuations above the normal operating
voltage are taken care of by the membership functions ‘VF’
and ‘UF’ of inputs {|Va|, |Vb|, and |Vc|} where FIS outputs
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Table 1 Framed fuzzy rules

# Rule no. Membership functions for # Rule no. Membership functions for

|Va| |Vb| |Vc| |V0| A B C G |Va| |Vb| |Vc| |V0| A B C G

#1 UF UF UF – L L L – #13 VF VF F – M M H –

#2 VF VF VF – M M M – #14 UF VF F – L M H –

#3 F F F – H H H – #15 VF UF F – M L H –

#4 F UF UF – H L L – #16 F F UF – H H L –

#5 F VF VF – H M M – #17 F F VF – H H M –

#6 F VF UF – H M L – #18 UF F F – L H H –

#7 F UF VF – H L M – #19 VF F F – M H H –

#8 UF F UF – L H L – #20 F UF F – H L H –

#9 VF F VF – M H M – #21 F VF F – H M H –

#10 UF F VF – L H M – #22 – – – UF – – – L

#11 VF F UF – M H L – #23 – – – F – – – H

#12 UF UF F – L L H –

vary from 0 to −1. If the system is healthy, the FIS outputs
are −1 but when the voltage fluctuations rise the FIS outputs
traverse from −1 to 0 depending on the abnormality condi-
tion. In this way, the proposed FIS based protection module
provides a better decision on the fault and normal conditions
with a transition of FIS outputs from −1 to + 1 instead of
a sharp threshold. This setting improves the sensitivity and
selectivity of the proposed protection scheme.

This work employs a regression based bagged ensemble
learning approach with decision trees strategy for estima-
tion/prediction of fault location. The ensemble learning
approach is one of the machine learning techniques, i.e. used
to improve the overall prediction accuracy and robustness
of the model. An ensemble learner is one which com-
bines the results of many learners to give a final output
of high quality. In the bagged ensemble learning approach,
the learners/models are independent of each other and are
trained/processed parallelly on the training data set or sub-
sets of training data that are obtained by sampling the initial
training data set with replacement. Instead of single model
training that may be prone to underfitting/overfitting due to
data changes, the bagging ensemble process that trains mul-
tiple models avoids the overfitting issues making the system
robust with good generalization performance. A pictorial
representation of the bagged ensemble learner is shown in
Fig. 8, where DK,d is the original training data set of K rows
(instances) and d columns (d-1 features/attributes and the last
column represents the target data), D1

K1,d, D2
K1,d, D3

K1,d,
…, Dn

K1,d are the subsets of training data, M1, M2, M3, …,
Mn are individual models/learners, Y1,Y2,Y3, …, Yn are the
individual model outputs, and n is the number of learners
in the ensemble. The Y is the final output of the ensemble.
If the bagged ensemble is used for classification purpose,

Fig. 8 Pictorial representation of bagged ensemble learner

then the final aggregated output is based on the majority vot-
ing method and if it is a regression ensemble then the final
aggregated output is the average of all the individual outputs
[28–30].

In the proposed protection method, an ensemble of deci-
sion trees (regression) is implemented. Decision trees are
one of the paradigms of data mining that are based on non-
parametric supervised learning algorithms and are capable of
effectively predicting input feature and output target relation-
ships. The fundamental principle of growing decision trees is
to ‘divide and conquer’ the training data by recursively split-
ting/partitioning the data optimally using ‘if–then’ conditions
until the desired stopping criterion is reached. Impurity based
calculations are employed for optimal splitting of the data
to get a pure node in classification trees whereas minimum
mean squared error of prediction is used to define the purity
of split in regression trees. A pictorial representation of the
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Fig. 9 Pictorial representation of decision tree growing

decision tree growing is shown in Fig. 9 where the train-
ing data D contains features/attributes (f 1, f 2, …, f d) with N
no. of instances, Y is the target data, and S is the potential
splits obtained from D. The optimal splits and optimal fea-
tures are derived from impurity-based calculations through
the minimization of mean squared error of prediction. The
process of splitting the data is continued until the pure nodes

are attained or the maximum depth of the tree is reached
[31–33]. In Fig. 9, the pure node is represented with a circle
and the impure node is represented with a rectangle.

A bagged ensemble of 300 number of decision trees is
implemented using regression learner in MATLAB to esti-
mate the location of the fault. An extensive number of fault
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Table 2 Fault parameters considered in the training data set

S. No. Fault parameter Variations

1 Fault resistance (�) 0.01 �, 50 �, and 100 �

(3 no.)

2 Fault inception angle (°) 0° and 90° (2 no.)

3 Fault location (km) 3 km, 6 km, 9 km, …,
194 km, and 197 km
(66 no.)

4 Fault types 10 (ABC, AB, BC, CA,
ABG, BCG, CAG, AG,
BG, and CG)

Therefore, total no. of fault cases considered � 3*2*66*10 �
3960 and 3—no fault case

simulations were conducted on the modelled system to gen-
erate the fault data for training the bagged ensemble learner.
A total of 3960 different fault cases were simulated consid-
ering the variations in different fault parameters, viz. fault
resistance, fault inception angle, fault location, and different

fault types. Table 2 presents the details of fault parameters
considered to generate the training data set. The size of the
training data set is 39,630*4, where the first three columns
represent the half-cycle moving minimum window of the
inputs {|Va|, |Vb|, and |Vc|} and the last column represents
the actual fault location (target). In the training data set, the
actual fault location of no-fault cases is labelled as 400 km.
The half-cycle post fault data (10 samples) is collected to con-
struct the training data set. The bagged ensemble learner with
different number of trees and minimum leaf sizes are trained
on the generated data set through a series of pilot runs. The
bagged ensemble learnerwith 300 number of trees and amin-
imum leaf size of one is found to be feasible. The estimated
fault location (EFL) is derived from theminimum,maximum,
and mean of the estimated location (Le). Whenever a fault
is detected (i.e. Le < 400 km), then one cycle data of Le is
collected and the EFL is evaluated depending on the condi-
tions given in Eq. (2) using the one cycle data. The training
process took a time of 93.12 s to train the bagged ensemble
modelwith the predictionmetrics: rootmean squared error of

Fig. 10 Flowchart of the complete scheme of protection
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0.996, mean squared error of 0.991 and mean absolute error
of 0.719. All the simulations of the present work are carried
out on the Intel® Core(TM) i5-10210U CPU @ 2.11 GHz
processor with 8 GB RAM Windows 11 operating system.
Figure 10 presents the flowchart of the complete scheme of
the suggested protection method and its block diagram is
shown in Fig. 1.

EFL �

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Min(Le), i f Min(Le) ≤ 20%(LT) and Mean(Le) ≤ 55%(LT)

Max(Le), ifMin(Le) > 20%(LT) andMean(Le) > 55%(LT)

Max(Le) − Mean(Le) + Min(Le), ifMin(Le) < 20%(LT) andMean(Le) > 55%(LT)

Max(Le) − Mean(Le) − Min(Le), i f Min(Le) > 20%(LT) and Mean(Le) < 55%(LT)

(2)

Here, LT, Le, and EFL are the total length of the transmis-
sion line, estimated location, and estimated fault location in
km, respectively.

4 Results and discussion

The performance of the proposed scheme of protection is
discussed in this section by carrying out extensive fault sim-
ulations on the simulatedpower systemmodel. The suggested
protection method utilizes FIS for detection/classification of
fault and a regression based bagged ensemble approach for
fault location estimation. The protection scheme’s efficacy is
evaluated for ten different types of short circuit faults sim-
ulated on the transmission line by varying different fault
parameters (fault resistance, Rf (0–100 �), fault inception
angle, F, (0°–360°), and fault location, Lf (1–200 km)) with
different solar irradiance and wind speed levels.

4.1 Performance evaluation of FIS module
for detection and classification of faults

Short circuit faults are stochastic in nature and can occur at
location on any phase(s) of the transmission line. To evaluate
the performance of the FIS-based protectionmodule different
short circuit faults are simulated. An LG fault (AG)with fault
resistance Rf � 50 � and fault inception angle F � 0° (time
of fault, T f � 0.2 s) is simulated at a fault location of 50 km
from theBusB1with solar irradiance of 1000W/m2 andwind
speed of 15m/s. The three-phase voltage, current, power, and
magnitude of voltage features {|Va|, |Vb|, |Vc|, and |V0|}
measured at Bus B1 are depicted in Fig. 11 for the above-
mentioned fault. Figure 11e presents the FIS based protection
module outputs {A, B, C, G} representing the fault detection
and classification (FDC). From the FIS outputs, it can be
observed that until 0.2 s the output level of all the output
labels is “−1” (healthy condition) and after the occurrence
of the AG fault at 0.2 s the output level of outputsA andG is “

+ 1” (faulty condition) at 0.206 s indicates the instant of fault
detection and its type.Hence, the proposedprotection scheme
clearly identifies the fault type and its occurrence with the
FDC time as 6 ms (FDC time � 0.206–0.2 ms � 6 ms), i.e.
less than one cycle time (20 ms). Further, the performance of
the proposed scheme is evaluated for different fault typeswith

solar irradiance of 1000 W/m2 and wind speed of 15 m/s for
variations in fault resistance (Table 3), fault inception angle
(Table 4), and fault location (Table 5). The Lf � 50 km and
F � 0° are kept constant in Table 3, the Rf � 50 � and Lf �
105 km are kept constant in Table 4, and the Rf � 20 � and
F � 0° are kept constant in Table 5 for the tabulated results.

Further, the performance of the proposed FIS protection
module is evaluated for faults with different solar irradiance
and wind speed levels. Figure 12 depicts the results of the
proposed scheme for the LLG fault (ABG)with the following
parameters: Lf � 90 km, Rf � 80 �, T f � 0.5 s (F � 0°),
solar irradiance� 500W/m2, and wind speed� 8 m/s. From
Fig. 12d, it can be observed that the ABG fault is detected
and classified within 7 ms after the inception of the fault.
Similarly, Fig. 13 depicts the results of the proposed scheme
for the LLL fault (ABC) with the following parameters: Lf
� 150 km, Rf � 30 �, T f � 0.5 s (F � 0°), solar irradiance
� 1200 W/m2, and wind speed � 20 m/s. The ABC fault is
identified in 8 ms after the inception of the fault. Tables 6
and 7 showcase the performance of the proposed method
under varying fault conditions. Table 6 presents results for
solar irradiance of 500W/m2 and wind speed of 8 m/s, while
Table 7 focuses on solar irradiance of 1200 W/m2 and wind
speed of 20 m/s. Both tables explore the impact of different
fault types and variations in fault parameters. The results
presented showcase the effectiveness of the proposed FIS
protection module even under different operating conditions
of the RES for varying transmission line fault conditions.

Further, the reliable operation of the proposed scheme of
protection is assessed in terms of accuracy and dependabil-
ity with the help of a confusion matrix. The accuracy and
dependability are calculated using Eq. (3) and Eq. (4). The
confusion matrix is developed for the fault cases that are
described in Table 2 (3963 fault cases) and Table 10 (2400
fault cases). The number of true and detected fault cases
is segregated into LG, LLG, LL, LLL, and NF fault types
depicted in Table 8 are listed in the confusion matrix. The
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Fig. 11 AG fault with Rf � 50�, F� 0° (T f � 0.2 s), Lf � 50 km, solar
irradiance � 1000 W/m2, and wind speed � 15 m/s. a and b Voltage
and current waveforms at Bus B1, cVoltagemagnitudes of fundamental

component and zero-sequence component, d Three phase power from
renewables, and e FDC outputs

Table 3 Performance results of the proposed FIS protection module for varying fault resistance

Solar irradiance � 1000 W/m2 and wind speed � 15 m/s Lf � 50 km and F � 0° (T f � 0.2 s)

S. No. Fault type Rf (�) FIS-based FDC outputs FDC time (ms)

A B C G A B C G

1 AG 0.01 � 1 − 1 − 1 1 5 ms – – 1 ms

2 BG 50 � − 1 1 − 1 1 – 3 ms – 1 ms

3 ABG 50 � 1 1 − 1 1 5 ms 3 ms – 1 ms

4 BCG 100 � − 1 1 1 1 – 3 ms 8 ms 1 ms

5 AB 5 � 1 1 − 1 − 1 6 ms 4 ms – –

6 ABC 10 � 1 1 1 − 1 6 ms 3 ms 8 ms –

Table 4 Performance results of the proposed FIS protection module for varying fault inception angle (FIA)

Solar irradiance � 1000 W/m2 and wind speed � 15 m/s Rf � 50 � and Lf � 105 km

S. No. Fault type FIA (F°) (T f (s)) FIS-based FDC outputs FDC time (ms)

A B C G A B C G

1 AG 0° (0.2 s) 1 − 1 − 1 1 6 ms – – 2 ms

2 ABG 45° (0.2025s) 1 1 − 1 1 3.5 ms 8.5 ms – 2.5 ms

3 AB 90° (0.205 s) 1 1 − 1 − 1 10 ms 8 ms – –

4 ABC 180° (0.21 s) 1 1 1 − 1 6 ms 3 ms 8 ms –

5 BCG 270° (0.215 s) − 1 1 1 − 1 – 8 ms 4 ms 1 ms
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Table 5 Performance results of the proposed FIS protection module for varying fault location

Solar irradiance � 1000 W/m2 and wind speed � 15 m/s Rf � 20 � and F � 0° (T f � 0.2 s)

S. No. Fault type Lf (km) FIS-based FDC outputs FDC time (ms)

A B C G A B C G

1 CG 5 km − 1 − 1 1 1 – – 7 ms 1 ms

2 ABG 50 km 1 1 − 1 1 6 ms 3 ms – 1 ms

3 ABC 100 km 1 1 1 − 1 6 ms 3 ms 8 ms –

4 BC 150 km − 1 1 1 − 1 – 4 ms 9 ms –

5 AG 197 km 1 − 1 − 1 1 5 ms – – 2 ms

Fig. 12 ABG fault with Rf � 80 �, F � 0° (T f � 0.5 s), Lf � 90 km, solar irradiance � 500 W/m2, and wind speed � 8 m/s. a and b Voltage and
current waveforms at Bus B1, c Three phase power from renewables, and d FIS-based FDC outputs

three no-fault cases (NF) are the different operating con-
ditions of RES with no fault on the transmission line. The
accuracy and dependability of the proposed scheme are found
to be 99.56% given in Table 9.

Accuracy =
total no. of cases detected correctly

total no. of fault and no fault cases
× 100 (3)

Dependability =
total no. of fault cases detected correctly

total no. of actual fault cases
× 100 (4)

The response or fault detection time of the proposed FIS-
based protection module for different LG fault cases that are
detailed in Table 2 is shown in Fig. 14. The x-axis represents
the variation in fault location and the y-axis denotes fault
detection time. The fault inception angle for the first and last
three rows of figures are 0° and 90°, respectively. The fault
resistance is 0.01� (for 1st and 4th rows), 50� (for 2nd and
5th), and 100 � (for 3rd and 6th rows). From Fig. 14, it can
be observed that the different LG fault cases (AG faults in

column-1,BG faults in column-2, andCG faults in column-3)
are detectedwithin half-cycle time.The fault detection time is
also evaluated for the other fault cases inTable 2 andTable 10.
It is noticed that the fault detection time is well within half-
cycle time for all the LG, LLG, and LLL fault cases and
one-cycle time for LL fault cases. The accuracy achieved
and fault detection time of one-cycle time demonstrates the
reliable operation of the proposed FIS protection module.

4.2 Performance evaluation of regression
tree-based bagged ensemble learningmodule
for fault location estimation

The effectiveness of the proposed fault location module is
assessed for diverse fault cases considering varying fault
locations using the percentage error metric defined in Eq. (5).
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Fig. 13 ABC fault with Rf � 30 �, F � 0° (T f � 0.5 s), Lf � 150 km, solar irradiance � 1200 W/m2, and wind speed � 20 m/s. a and b Voltage
and current waveforms at Bus B1, c Three phase power from renewables, and d FDC outputs

Table 6 Performance results of the proposed FIS protection module for varying fault parameters

Solar irradiance � 500 W/m2 and wind speed � 8 m/s

S. No. Fault type Lf (km) Rf (�) FIA (F°) (T f (s)) FIS-based FDC outputs FDC time (ms)

A B C G A B C G

1 AG 50 km 50 � 0° (0.5 s) 1 − 1 − 1 1 6 ms – – 1 ms

2 ABG 90 km 80 � 0° (0.5 s) 1 1 − 1 1 7 ms 4 ms – 1 ms

3 AB 130 km 15 � 90° (0.505 s) 1 1 − 1 − 1 10 ms 8 ms – –

4 ABC 180 km 10 � 180° (0.51 s) 1 1 1 − 1 6 ms 3 ms 8 ms –

5 BG 10 km 100 � 270° (0.515 s) − 1 1 − 1 1 – 8 ms – 1 ms

6 BCG 190 km 100 � 360° (0.52 s) − 1 1 1 1 – 2 ms 9 ms 1 ms

Table 7 Performance results of the proposed FIS protection module for varying fault parameters

Solar irradiance � 1200 W/m2 and wind speed � 20 m/s

S. No. Fault type Lf (km) Rf (�) FIA (F°) (T f (s)) FIS-based FDC outputs FDC time (ms)

A B C G A B C G

1 ABC 150 km 30 � 0° (0.5 s) 1 1 1 − 1 6 ms 3 ms 8 ms –

2 CAG 70 km 70 � 0° (0.5 s) 1 − 1 1 1 6 ms – 8 ms 1 ms

3 CG 25 km 55 � 90° (0.505 s) − 1 − 1 1 1 – – 4 ms 1 ms

4 BC 160 km 25 � 180° (0.51 s) − 1 1 1 − 1 – 2 ms 7 ms –

5 ABG 197 km 100 � 270° (0.515 s) 1 1 − 1 1 9 ms 9 ms – 2 ms

6 AG 3 km 0.01 � 360° (0.52 s) 1 − 1 − 1 1 3 ms – – 1 ms
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Table 8 Confusion matrix for
FDC Detected faults

LG LLG LL LLL NF Total

LG 1908 – – – – 1908

True faults LLG – 1880 – 28 – 1908

LL – – 1908 – – 1908

LLL – – – 636 – 636

NF – – – – 3 3

Total no. of fault cases � 6363

Fig. 14 Fault detection time of the proposed protection module with FIS for LG fault cases of Table 2

Table 9 Performance index of FIS based protection module

S. No. Performance index

1 Accuracy � 6335
6363 × 100 � 99.56%

2 Dependability � 6332
6360 × 100 � 99.56%

This metric is the percentage error in estimated fault loca-
tion that compares the estimated fault location (EFL) with
the actual fault location (AFL), normalized by the total line
length (LT).

(5)

%Error in the estimated fault location (%E)

� EFL - AFL

LT
× 100

AnLGfault (AG)withRf �0.01� andF�0° is simulated
at 9 km (AFL) from Bus B1. Figure 15 presents the output
(Le) of regression-based bagged ensemble learner towards
the fault location estimation. When the system is healthy, the
proposed bagged ensemble fault locator outputs 400 km. In
case of a faulty condition, the proposed fault locationmodule
estimates fault location close to AFL, i.e. 8.551 km with a −
0.2245% error in the EFL. Similarly, Figs. 16 and 17 depict
the outputs of the fault location module for the LLG fault
(ABG fault with Rf � 90� and F� 0°) and a triple line fault
(ABC fault withRf � 0.01� andF� 0°) simulated at 104 km
(AFL) and 196 km (AFL), respectively. The EFL is found to
be 108.13 km (%E � 2.065%) for the ABG fault and 193.10
km (%E � −1.45%) for the ABC fault with the proposed
method of location estimation. In all the above-mentioned
fault cases (AG,ABG, andABC), the solar irradiance� 1000
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Fig. 15 Estimated fault location
for AG fault with Rf � 0.01 �, F
� 0° and AFL � 9 km

Fig. 16 Estimated fault location
for ABG fault with Rf � 90 �, F
� 0° and AFL � 104 km

Fig. 17 Estimated fault location
for ABC fault with Rf � 0.01 �,
F � 0° and AFL � 196 km

W/m2 and wind speed � 15 m/s. To assess the effectiveness
of the proposed fault location module, a testing data set is
created by simulating different types of faults and Table 10
gives the details of fault parameters considered that counts
for 2400 different fault cases. Figure 18 presents the scat-
ter plot of percentage error in the estimated fault location
for different faults mentioned in Table 10. It is noticed that

the %E lies in the band of ±5% with the proposed method.
Table 11 presents the results of estimated fault location for
different faults. Further, to assess the reliability of the fault
location module, Chi-square error analysis is performed on
400 EFL errors that are obtained by randomly simulating the
faults at different locations along the transmission line. Table
12 presents the Chi-square test for reliability analysis of the
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Fig. 18 Percentage error in estimated fault location for all fault cases of Table 10

proposed fault location estimation method. The low differ-
ence between the observed and expected number of errors
showcases the efficacy of the proposed method and the Chi-
square value (D2) falls in the 5% band of significance level
[34].

4.3 Comparison of the proposed scheme
of protection

A comparison of the proposed scheme of protection is dis-
cussed in this section in terms of protection and feature
extraction techniques, protection tasks implemented, type of
RES integrated, and FDC accuracy. Table 13 provides a com-
parison of different protection schemes with the proposed
method. All the protection methods mentioned in Table 13
are training based artificial intelligent methods for the detec-
tion and classification of faults except the proposed one.
The training-based methods require large sets of training
data considering different operating conditions to train the
models for achieving high performance and accuracy of the
trained models in the protection tasks. The proposed scheme
is implemented with the fuzzy inference concept for fault
detection and classification that do not require any training
of themodule. Further, the FDC accuracy is comparably high
with other training-based techniques.

5 Conclusion

In this paper, an FIS-based protection module for the
detection/classification of short circuit faults and a bagged
ensemble learning approachwith regression trees for approx-
imating actual fault location has been proposed for the
transmission line connected to RES (solar PV and DFIG-
based wind power). The proposed protection modules utilize
only the DFT processed three-phase voltage information of
a single bus (i.e. connected to RES). Hence, the communica-
tion link is not required and no communication latency. The
proposed FIS based protection module effectively detects
the fault occurrence and classifies the different short cir-
cuit fault types within one cycle time (20 ms) following the
fault inception even for varying fault parameters under dif-
ferent operating conditions of RES. This showcases that the
proposed detection/classification scheme is passive/robust to
fault parameter variations and RES power intermittences.
Further, the performance index indicates the efficacy of the
FDC scheme with an accuracy of 99.56% calculated with
the help of confusion matrix. The proposed fault location
module with bagged ensemble of regression trees success-
fully predicts the actual fault location with minimal error.
The percentage error in the estimated fault location is within
±5% error band even for various faults with varying fault
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Table 10 Fault parameters
considered in the testing data set S. No. Fault parameter Variations

1 Fault resistance (�) 30 �, 60 �, and 90 � (3 no.)

2 Fault inception angle (°) 45° and 180° (2 no.)

3 Fault location (km) 5 km, 10 km, 15 km, …, 190 km, and 195 km (40 no.)

4 Fault types 10 (ABC, AB, BC, CA, ABG, BCG, CAG, AG, BG, and CG)

Therefore, the total no. of fault cases considered � 3*2*40*10 � 2400

Table 11 Performance of the
proposed bagged ensemble
learner module for different
faults

S. No. Fault type AFL (km) Rf (�) FIA (F°) EFL (km) % Error

1 AG 5 km 50 � 0° 5.38 km 0.19

2 ABG 70 km 0.01 � 0° 71.74 km 0.87

3 AB 120 km 20 � 0° 116.45 km − 1.76

4 ABC 190 km 0.01 � 0° 191.27 km 0.64

5 BG 50 km 60 � 90° 45.66 km − 2.17

6 BCG 100 km 100 � 90° 99.31 km − 0.35

7 BC 150 km 10 � 90° 144.73 km − 2.64

8 ABC 30 km 15 � 90° 30.87 km 0.44

9 CG 130 km 100 � 270° 127.65 km − 1.18

10 CAG 80 km 90 � 270° 79.48 km − 0.26

11 CA 195 km 25 � 270° 193.19 km − 0.91

12 ABC 197 km 10 � 270° 193.35 km − 1.825

Table 12 Chi-square test for fault
location estimation reliability
analysis

Interval number (i) % Error
interval

No. of observed errors
(Noi)

No. of expected errors
(Nei)

(Noi−Nei )
2

Nei

1 − 4.5 to −
3.5

7 5 0.8

2 − 3.5 to −
2.5

22 19 0.4737

3 − 2.5 to −
1.5

39 46 1.0652

4 − 1.5 to −
0.5

78 82 0.1951

5 − 0.5 to
0.5

104 101 0.0891

6 0.5 to 1.5 86 83 0.1084

7 1.5 to 2.5 44 46 0.087

8 2.5 to 3.5 20 18 0.2222

D2 � ∑8
i�1

(Noi−Nei)
2

Nei
� 3.0407

parameters demonstrating the adaptability to diverse fault
scenarios. Further, the reliability of the fault location esti-
mation module is confirmed through the statistical analysis
with the Chi-square test (D2 � 3.0407) on location errors
falling in the 5% band of the significance level. The pro-

posed approach exemplifies the potential of combining fuzzy
logic, ensemble learning, and signal processing techniques
for developing intelligent protection systems adaptable to
modern power grids.
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Table 13 Comparison with other protection schemes

Comparison
term

References

[18] [19] [35] [36] [37] [38] Proposed

Protection
technique
based on

SVM ANN SVM and
GPR

Rotation
forest

Decision tree
and SVM

Random forest FIS and
regression-based
bagged
ensemble
learner

Signal
pre-processing
or features
utilized

Transient
motoring
index of
currents

MODWT;
energy of
detail
coefficients
of voltage
and current

RMS of
voltages and
currents

DWT;
standard
deviation of
approximate
coefficients
of voltage
and current

DFT;
amplitude
and phase
angle of
voltage and
current
phasors

Positive
sequence
currents and
empirical
mode
decomposition
of grid side
currents

DFT; magnitudes
zero-sequence
and fundamental
components of
phase voltages

Protection tasks FDC FD of
symmetrical
faults only

FDC and FLE FDC FDC and
FLE

FDC and FLE FDC and FLE

FDC accuracy 99.84% 98.40% 99.50% 99.43% 97.9% 99.95% 99.56%

FDC time 10 ms – 20 ms 16.67 ms – 8 ms 20 ms

PV and/or wind
power
integration

Wind
power

Wind power – (DGs) PV and wind
power

Wind power Wind power PV and wind
power

FD Fault detection FDC Fault detection and classification, and FLE Fault location estimation
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Appendix

See Tables 14, 15 and 16

Table 14 Transmission line parameters

Data of transmission line parameters (200 km line length)

Parameter Positive and negative Zero

Resistance (�/km) 0.0275 0.275

Inductance (H/km) 1.002e–03 3.268e–03

Capacitance (F/km) 13e–09 8.5e–09
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Table 15 Solar PV data
PV Data Module Specifications

Rated power 50 MW (1 MW units) PV module type 1Soltech
1STH-350-WH

LB 1.7 mH Rated power 349.59 W

Switching frequency 2.1 kHz Open circuit voltage (Voc) 51.5 V

Rfilter1 0.0015 pu Short circuit current (Isc) 9.4 A

Lfilter1 0.15 pu Voltage at max. power point 43 V

Qfilter1 0.1 pu Current at max. power point 8.13 A

Vdc1 1200 V Temperature coefficient of
Voc

− 0.36%/°C

DC link capacitor 16.45 mF Temperature coefficient of Isc 0.09%/°C

Voltage regulator
(PI-1)

Kp � 7 and Ki � 800

Current regulator
(PI-2)

Kp � 0.3 and Ki � 20

Table 16 Wind farm data
DFIG-based wind farm data

Rated power of wind farm 50 MW No. of pole pairs (p) 3

Rated power of wind turbine 1.5 MW DC link voltage (Vdc2) 1150 V

Wind turbine inertia constant
(H t)

4.32 s Rfilter2 0.003 pu

Nominal power generator 1.5/0.9 MW Lfilter2 0.3 pu

Inertia constant (Hg) 0.685 s Qfilter2 0.08 pu

Nominal stator voltage 575 V Switching frequency
(GSC)

2.7 kHz

Nominal rotor voltage 1975 V PI-3 (GSC) Kp � 8 and Ki � 400

Stator resistance (Rs) 0.023 pu PI-4 (GSC) Kp � 0.83 and Ki � 5

Rotor resistance (Rr) 0.016 pu Switching frequency
(RSC)

1.62 kHz

Stator inductance (Ls) 0.18 pu Voltage regulator
(RSC)

Kp � 5 and Ki � 20

Rotor inductance (Lr) 0.16 pu PI-5 (RSC) Kp � 0.6 and Ki � 8

Magnetizing inductance (Lm) 2.9 pu
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