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Abstract. Power distribution systems are be-
coming more complex and vulnerable day by
day due to the increasing penetration of non-
linear loads, renewable sources, and critical ex-
pansions of the overhead supply networks. Thus,
the chances of distribution line failures have in-
creased. On this occasion, effective fault detec-
tion aids in developing predictive maintenance
strategies, helping utilities reduce downtime and
utilize resources more effectively. In this pa-
per, a machine learning (ML)-based methodology
for fault detection on overhead distribution lines
has been presented. The study has demonstrated
the application of the two typical tree-based ML
classifiers, i.e., random forest (RF) and extreme
gradient boosting (XGBoost), to diagnose distri-
bution line faults with the help of a micro phasor
measurement unit (µPMU) supported data set.
The study reveals a µPMU allocation strategy
and data collection method to aid in the prepa-
ration of the data set. The classification models
are structured to classify the location of the line
faults, followed by the faults’ type, based on the
prepared data set for a test network. The effi-
ciency of the RF and XGBoost has been verified
through a quantitative comparison with the ex-
isting approaches.

Keywords: Classification, Line faults, Micro
phasor measurement unit, Power distribution
network.

1. Introduction

Faults within the distribution systems can sig-
nificantly impair the continuous and safe deliv-
ery of electricity. The most frequent types in-
clude short circuits, open circuits, and ground
faults. A short circuit occurs when a phase con-
ductor unintentionally contacts another phase,
neutral wire, or the ground, forming a low-
resistance path that causes a surge in current.
This excessive current can result in overheating,
malfunctioning equipment, or large-scale out-
ages if not promptly managed. Ground faults
happen when an energized conductor touches
the ground or a grounded object, producing a
fault current that can lead to serious safety con-
cerns. Fault detection and localization in power
systems play a critical role in ensuring system re-
liability, minimizing downtime, and maintaining
efficient operations. With the increasing com-
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plexity of modern distributed power systems, ac-
curate identification of fault type and fault loca-
tion has become even more essential. Therefore,
efficient fault detection and isolation are essen-
tial to reduce downtime and maintain the safety
and reliability of the supply system.

The recent application of phasor measure-
ment units in power distribution networks fa-
cilitates fast and efficient fault detection by an-
alyzing the collected micro phasor measurement
unit (µPMU) data at the control center. Some
authors have already devoted some efforts to-
wards the development of a methodology for ef-
ficient fault identification. In [1], the authors
have proposed a graph-based fault identification
method. The authors first focused on allocating
the µPMUs to reduce the measurement redun-
dancy, followed by the distribution system state
estimation (DSSE) to identify the prospective
fault location region. With the demonstrated
approach, the authors have sought to determine
the precise location of a faulted feeder using
graph analysis techniques. Recent PMU-based
fault localization studies have also reported im-
proved observability and fault discrimination in
distribution networks [2,3]. In [3], Mirshekali et
al. presented an SVM-based fault classification
approach to identify fault locations and types in
a power distribution network. The authors in [4]
have used bus voltage phasors measured with
µPMUs as input data for their proposed model.
In [5], the authors employed a graph convolu-
tional network (GCN)-based classification model
to identify the faulted condition and its location
within a test distribution network. The authors
have organized the voltage magnitude and their
phase angle data fed by the µPMUs to use in
their CGN-based classification model. In [6, 7],
the authors have developed a novel artificial neu-
ral network (ANN)-based system for fault de-
tection. This approach addresses the challenges
posed by communication delays in Wide Area
Monitoring Systems, ensuring timely and accu-
rate detection. The authors have emphasized
the need for further testing to explore additional
features that could enhance its adaptability to
diverse network scenarios. Deep learning mod-
els based on PMU measurements have also been
explored for multi-class fault diagnosis in active
distribution systems [8].

In [9], the authors have firstly developed a
spatial–temporal relationship of the measured
data from the µPMU installed in their test sys-
tem. The authors have used a multi-residual
generation learning model on the augmented
spatio-temporal data set for the identification of
the prospective phase to ground faults at the
distribution lines. In [10], Dashtdar et al. have
proposed an optimization-based model to iden-
tify the fault-location region and the faulted line
using voltage variation information across both
sides of the distribution lines. The authors have
realized the minimization of the power system
state estimation error for obtaining suitable po-
sitions of PMUs in a test distribution network
and collected the measurement and estimated
voltage magnitudes for all the buses thereafter.
Though the authors have claimed about its ef-
ficacy over the existing classification-based fault
detection approaches, the time complexity of the
approach can not be avoided. In [11], Medattil
et al. have addressed the challenge of classifying
faults in a dataset with the imbalanced classes.
The study utilized SMOTE-based oversampling
techniques combined with the K-Nearest Neigh-
bor (KNN) algorithm to achieve impressive fault
classification accuracy. In [12], Xiang has pro-
posed a deep learning-based approach for the de-
tection of high impedance faults in distribution
systems. The authors in [13, 14] proposed ap-
plying current signal data collected by µPMUs
to a recurrent neural network to determine the
faulty zone in the test distribution system. The
author has concluded that higher accuracy in
fault type detection was possible in compari-
son to fault location detection by his developed
model. In [15, 16], the authors have introduced
a cutting-edge framework for addressing fault
management in distribution networks using data
from the PMUs. Leveraging the capabilities of
deep convolutional neural networks (CNNs), this
study focuses on classifying faults, identifying af-
fected sections, and pinpointing fault locations.

It has been learned from the existing state-
of-the-art that most of the recent investigations
were based on the application of machine learn-
ing (ML) methods to diagnose the distribution
line faults. Though some of the authors have
applied graph-based algorithms for the classifi-
cation of distribution line faults, i.e., [1, 4, 12].
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Though an increasing interest has been ob-
served in recent days in applying neural network-
inspired deep learning techniques, sometimes
deep learning techniques underperform with re-
spect to the augmented tree-based ML tech-
niques, i.e., extreme gradient boosting (XG-
Boost) [17, 18]. The authors in [17] have identi-
fied that the non-linearity present in the struc-
ture of the neural network-based models is one
of the causes for their underperformance with
respect to the XGBoost model. Therefore, this
study delivers the application of recently devel-
oped machine learning algorithms, i.e., XGBoost
and the random forest (RF) algorithm, for the
identification of distribution line faults, classi-
fying the data from µPMU measurements. The
study further reveals a data pre-processing tech-
nique and demonstrates its significance in im-
proving the classification accuracy. The study
has dealt with all the possible types of shunt
faults for an unbalanced distribution test net-
work and found the type of line fault followed by
the location of the faulty line. This study also
highlights a quantitative comparative study of
the proposed machine learning algorithm with
respect to neural network-based models.

The remainder of the paper is structured as
follows. Section 2 provides a concise descrip-
tion of the µPMU allocation technique and the
framework for the data set preparation with the
measurements obtained from the µPMUs, fol-
lowed by Section 3, where the structure of the
tree-based ML techniques is discussed. Section 4
demonstrates the data pre-processing technique
to feed the classification models, followed by the
classification framework. Section 5 highlights
the simulation results and the analysis of the
results. Finally, the significant concluding re-
marks are summarized in Section 6.

2. µPMU Allocation and
Data Collection

The data collected from the multiple bus
µPMU installed locations aids in identifying
fault location and the type of fault on the de-
fective line. However, it is to be noted that the
µPMUs should be placed at the strategic loca-

tions so that they can decipher full topological
observability over the test distribution network.
Whereas redundant installation of µPMUs cre-
ates unnecessary cost burden, the low number
of µPMUs may fail to deliver the full informa-
tion about the system in a time-synchronized
manner. Thus, a certain strategy is needed for
µPMU allocation.

2.1. µPMU Allocation

The allocation strategy employed in this study
focuses on minimizing the total installation cost
associated with deploying µPMU devices in the
distribution network. The objective function is
formulated to achieve cost-effective placement
of µPMUs while guaranteeing complete systems
observability. To this end, the number of mea-
surement channels is tailored based on the inci-
dent branch count and phase configurations at
the candidate bus location. The optimized ob-
jective is fulfilled through the resolution of the
function F , as defined in Equation (1).

F = min

NB∑
i=1

CµPMU
i xi (1)

where, NB represents the number of buses in
the test system. The following equation defines
the characteristic of the variable xi:

xi =

{
1, if a µPMU is installed at bus i,

0, otherwise.
(2)

where, CµPMU
i is the cost of µPMU for de-

ploying at the ith bus location.

The important criteria about the observabil-
ity on the distribution network must be fulfilled
while minimizing the mentioned objective func-
tion. The observability criteria can be realized
as follows:

A×X > B (3)

where,

[A] = aij =


1, if i = j,

1, if buses i and j are connected,
0, otherwise.

(4)
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X =
[
x1 x2 · · · xNB

]T (5)

B =
[
1 1 1 · · · 1

]T
NB×1

(6)

where, [A] is called the connectivity matrix.
Following the above constraint criteria, it is pos-
sible to obtain full observability over the sys-
tem either by direct measurement from the buses
or indirect measurements with a direct connec-
tion of µPMU installed buses. The formulated
µPMU allocation problem is a constrained bi-
nary optimization problem. Thus, the result
for the location of the µPMUs in the test net-
work should be evaluated with the application of
an optimization technique. Though a variety of
optimization techniques are available, the pro-
posed study has adopted the integer linear pro-
gramming (ILP) method [19] to solve the µPMU
allocation problem. The authors have verified
their results with the existing literature and af-
firm that ILP can work well for the µPMU allo-
cation problem. Recent work on PMU place-
ment has further confirmed that observability
and measurement placement strongly influence
downstream fault localization performance [20].
Moreover, the issue of local convergence, which
may occur due to the application of heuristic
optimization approaches, can be avoided by em-
ploying ILP. However, the present placement
strategy is validated for the considered 19-bus
network topology, and the resulting observabil-
ity guarantee applies to that modeled configura-
tion only.

2.2. Data Collection

The test system considered in this study
is a 19-bus unbalanced power distribution net-
work [21]. The test distribution network is a
low-voltage Indian distribution network with a
nominal voltage level of 11 kV, and it is radial
in nature. The application of ILP yields the de-
sired number of locations to install µPMUs in
the 19-bus test system is eight. Thus, it can
be observed from Figure 1 that a minimum of
eight µPMUs are required to obtain the full ob-
servability over the 19-bus test network. After
allocation of µPMUs, the voltage and current

phasor data from each µPMU are collected and
organized together at a central station, namely
the control center, for further processing. In this
study, the described µPMU-installed test system
is simulated in MATLAB software, and sample
data from µPMUs are generated, creating a va-
riety of scenarios in the simulation workspace.
The developed scenarios include the different
types of fault situations at the different distri-
bution lines with nominal loads and load change
scenarios without faulty conditions. Further, the
different faulty condition scenarios include all
the possible shunt faults that may occur among
the different phases of the overhead distribu-
tion lines. Thus, line-to-ground (LG) faults for
the three phases, line-to-line (LL) faults among
the three phases, a combination of double line-
to-ground (LLG) faults among the phases to
ground, and three-phase (LLLG) faults are con-
sidered in this study. The different operational
scenarios are simulated with the test distribution
network, and the voltage magnitude along with
its phase angle, current magnitude along with its
phase angle from the eight buses fetched by the
µPMUs for each scenario are recorded to create
a data set. It is to be noted that different types
of faults result in different voltage and current
phasors for different phases of the distribution
system. Thus, the data collected by the µPMUs
can be suitably synthesized to identify the type
of faults. Further, the values of the phasors are
influenced by the location of the faults. A data
set corresponding to the different faults is orga-
nized using data collected at the end of three
cycles to avoid transient value collection. The
nature of the fault current and fault voltage for
different types of faults happened at the preced-
ing branch of bus-9 is depicted in Figures 2 to
17.

3. Tree-Based ML Models

The ML models inspired by the decision tree
structures are quite powerful in classification
and regression, and these models work with a su-
pervised learning strategy. The tree-based ML
models include SVM, classification and regres-
sion tree (CART), RF, and XGBoost. These
models are different in their tree-building mech-
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Figure 1: The identified bus locations for µPMU allo-
cation in the test network.

Figure 2: Voltage magnitude at bus 9 during phase-A
to ground fault at the preceding branch of
bus 9.

Figure 3: Voltage angle at bus 9 during phase-A to
ground fault at the preceding branch of bus
9.

Figure 4: Current magnitude at bus 9 during phase-A
to ground fault at the preceding branch of
bus 9.

Figure 5: Current angle at bus 9 during phase-A to
ground fault at the preceding branch of bus
9.

Figure 6: Voltage magnitude at bus 9 during phase-A-
B to ground fault at the preceding branch of
bus 9.

Figure 7: Voltage angle at bus 9 during phase-A-B to
ground fault at the preceding branch of bus
9.

Figure 8: Current magnitude at bus 9 during phase-A-
B to ground fault at the preceding branch of
bus 9.
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Figure 9: Current angle at bus 9 during phase-A-B to
ground fault at the preceding branch of bus
9.

Figure 10: Voltage magnitude at bus 9 during phase-A
to phase-B fault at the preceding branch of
bus 9.

Figure 11: Voltage angle at bus 9 during phase-A to
phase-B fault at the preceding branch of bus
9.

Figure 12: Current magnitude at bus 9 during phase-A
to phase-B fault at the preceding branch of
bus 9.

Figure 13: Current angle at bus 9 during phase-A to
phase-B fault at the preceding branch of bus
9.

Figure 14: Voltage magnitude at bus 9 during phase-A-
B-C to ground fault at the preceding branch
of bus 9.

Figure 15: Voltage angle at bus 9 during phase-A-B-C
to ground fault at the preceding branch of
bus 9.

Figure 16: Current magnitude at bus 9 during phase-
A-B-C to ground fault at the preceding
branch of bus 9.
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Figure 17: Current angle at bus 9 during phase-A-B-C
to ground fault at the preceding branch of
bus 9.

anisms and decision rules. The deeper the tree,
the more complex the decision rules and the
fitter the model. As RF and XGBoost are
comparatively advanced tree-based models, they
are considered as potential ML models to clas-
sify the distribution line faults. Recent studies
have also shown that ensemble tree-based mod-
els such as Random Forest and XGBoost can
achieve strong fault classification performance
in power-system applications [22,23]. Moreover,
the RF and XGBoost have not been applied so
far to classify fault type and fault location in
unbalanced power distribution networks to the
best of the authors’ knowledge.

3.1. RF Model

The RF algorithm builds a group of decision
trees during the training process and combines
their individual outputs to produce a final pre-
diction [24]. The trees in RF are generated
randomly through a training phase on a ran-
dom sample with a replacement of the training
set (bagging) and a restriction of the features.
Through this mechanism, random forest is also
used to identify the most important features by
minimizing the out-of-bag error (OOB). Each
tree has its own OOB data set, which is used for
error estimation of the individual tree in the for-
est. It is called OOB error estimation [14]. The
generalization error in RF is represented as:

PE∗ = PX,Y (Marg(X,Y ) < 0) (7)

where, Marg(X,Y ) is a Margin function. The
Margin function measures the extent to which
the average number of votes at (X,Y ) for the
right class exceeds the average vote for any other

class. Here, X is the predictor vector and Y is
the classification. PXY signifies the probability
taken for all the possible combinations of X and
Y .

3.2. XGBoost Model

XGBoost is an advanced ensemble machine
learning algorithm based on the gradient boost
framework [15]. It builds a group of decision
trees sequentially, where each tree corrects the
errors made by the previous ones. The key
strength of XGBoost lies in its ability to effi-
ciently handle large, complex datasets and its
regularization techniques that prevent overfit-
ting, making it highly effective for fault detec-
tion and classification tasks in power systems
[25]. The mathematical basis of XGBoost re-
volves around optimizing a loss function while
adding weak learners (decision trees) sequen-
tially. Thus, the objective is to minimize the
following function:

Obj =

n∑
i=1

L(yi, ŷi) + Ω(f) (8)

Ω(f) = γT +
1

2
λ

k∑
j=1

w2
j (9)

where, L represents the loss function, and Ω
is the regularization term ensuring simplicity of
the model; f represents the prediction function;
n indicates the number of training samples in
the dataset; yi and ŷi are the actual and pre-
dicted values corresponding to the ith training
sample; T is the number of leaves whose weight
is represented by ω, γ is a learning rate used
for pruning, and λ is a regularization parame-
ter. Each iteration of boosting tries to fit the
residual errors optimally, improving predictions
iteratively.

4. Data Preprocessing and
Classification
Framework

Preprocessing the raw data in ML is a signif-
icant step done in the initial stages after data
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extraction. The data preprocessing helps im-
prove the quality of data and the extraction of
substantial information.

4.1. Data Preprocessing

The dataset created by the information about
the voltage and current phasors from the µPMU
measurements is further processed to obtain a
synthetic dataset. The procedure of developing
the synthetic data set includes interpolation and
noise addition [16]. By utilizing noise and inter-
polation, the dataset introduces a wide range of
realistic operation conditions.

With additional diversified data, the original
data set is smoothened and it generalizes the
cause-effect relationship in the data more effec-
tively. This enhanced dataset is crucial for train-
ing the ML models to improve the fault classifi-
cation accuracy. By the interpolation operation,
the intermediate data points are inferred. For
two consecutive points (xi, yi) and (xi+1, yi+1),
the interpolated value y(x) at any point x be-
tween xi and xi+1 can be calculated as:

y(x) = yi +

{
(x− xi)

(xi+1 − xi)
× (yi+1 − yi)

}
(10)

Noise has been introduced to the dataset to
simulate real world measurements inaccuracies
and uncertainties, enhancing the robustness of
the model.

Ynoisy = yi +N (0, σ · range(y)) (11)

where, σ is the standard deviation of the
Gaussian noise.

The overall synthetic dataset can be described
as the combination of interpolated, noisy, and
original data samples.

Ysynthetic = Yoriginal∩Yinterpolated∩Ynoisy (12)

The interpolation and Gaussian-noise steps
are introduced solely to enrich the training
dataset and improve model robustness against
measurement uncertainty. Because the input
samples are phasor measurements recorded af-
ter three cycles, the synthetic augmentation

is not intended to emulate transient waveform
behavior or HIF-specific dynamics. Ysynthetic,
Yinterpolated, Ynoisy, and Yoriginal represent syn-
thetic, interpolated, noisy, and original data
samples, respectively.

4.2. Classification Framework

The complete data sets are always divided into
two sub-sets by the classification models. The
sub-sets are created with randomly chosen data
points from the complete set. The sub-sets are
called the training sub-set and the testing sub-
set. The data subset that is used to train the
classification model is designated as the train-
ing subset. The subset that is kept to measure
the performance of the classification models is
known as the test dataset. Usually, 70% of the
data from the complete data sets is kept for
training, and 30% of the data is kept for test-
ing purposes. After obtaining the prediction re-
sults with the test data sets, some performance
indices can be integrated to quantify the perfor-
mance of the classification models. In this study,
mean squared error (MSE), root mean squared
error (RMSE), mean absolute error (MAE), and
the R2 coefficient have been utilized to reveal the
performance of the classification models. The
workflow process for the proposed classification
methodology, along with the performance mea-
surement, is illustrated in Figure 18.

4.3. Classification Performance
Indices

MSE: MSE measures the average squared dif-
ference between the predicted fault locations and
actual locations. It provides an indication of
how far off the predictions are from the actual
values.

MSE =
1

N

N∑
i=1

(ypredicted,i − yactual,i)
2 (13)

where, ypredicted,i and yactual,i indicate the pre-
dicted and the actual values for the ith sample,
respectively. N is the total number of samples.

RMSE: RMSE is the square root of the MSE,
providing a metric in the same units as the orig-
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Figure 18: Workflow for fault classification and performance quantification of the proposed ML models.

inal fault location. It is more interpretable than
MSE as it represents the average magnitude of
error in the predicted fault locations.

RMSE =
√
MSE (14)

MAE: MAE calculates the average of the ab-
solute differences between predicted and actual
values. Unlike RMSE, MAE treats all errors
equally, regardless of their direction or magni-
tude.

MAE =

n∑
i=1

|ypredicted,i − yactual,i|

n
(15)

R2 coefficient: The R2 coefficient is a statis-
tical measure used to assess the goodness of fit
of the predicted data points with respect to the
actual values.

In this study, the RMSE and MAE values are
reported in the same numerical scale as the en-
coded target labels; therefore, for fault type clas-
sification, they may be interpreted as fault-type
index errors, while for fault location classifica-

tion, they may be interpreted as bus-index er-
rors.

5. Results and Discussion

The data set generated by composing the
fetched information from the 8 µPMUs for the
19-bus test network is augmented, and a syn-
thetic data set has been prepared. The classi-
fication accuracy has been tested for the fault
location and fault types utilizing the synthetic
data set. It is to mention here that the different
types of faults are realized with numerical val-
ues. The LA − G, LB − G, LC − G, LA − LB ,
LB −LC , LA−LC , LA−LB −G, LB −LC −G,
LA −LC −G, and LA −LB −LC −G faults are
designated with 1, 2, 3, 4, 5, 6, 7, 8, 9, and 10
respectively. A numerical value of 0 has been for-
warded to indicate a non-faulty situation. The
application of RF reveals that 99.7% and 88.9%
testing classification accuracy is possible to be
achieved for the identification of fault type and
fault location, respectively. The calculated per-
formance index values for the classification of
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Figure 19: Confusion matrix obtained by application
of RF for fault type classification.

fault type and fault location are summarized in
Table 1.

Table 1: Performance indices obtained with application
of RF for fault classification.

Classification RMSE MSE MAE R2

Fault type 0.18 0.03 0.01 0.99
Fault loca-
tion

1.86 3.48 0.45 0.80

The confusion matrix obtained by the applica-
tion of RF while classifying the fault types and
fault locations is furnished in Figure 19 and Fig-
ure 20, respectively.

When the model has been redesigned with an
XGBoost classifier and tested utilizing the same
synthetic data set, an accuracy of 99.7% and
89.5% has been achieved for the classification of
fault type and fault location, respectively. The
difference between the two accuracies reflects the
intrinsic difference in task complexity. In gen-
eral, fault type classification is associated with
more distinguishable variations in the measured
voltage and current phasors, whereas fault loca-
tion identification requires finer spatial discrimi-
nation among network sections that may exhibit
comparatively similar phasor patterns. Since
the present framework utilizes µPMU voltage
and current phasor measurements collected after
three cycles, the classification is primarily based
on steady-state feature variations rather than on
explicit mutual-impedance feedback parameters.

 

 

Figure 20: Confusion matrix obtained by application
of RF for fault location classification.

The evaluated performance indices applying the
XGBoost classifier are summarized in Table 2.

Table 2: Performance indices obtained with the appli-
cation of XGBoost for fault classification.

Classification RMSE MSE MAE R2

Fault type 0.139 0.019 0.00 0.99
Fault loca-
tion

1.56 2.43 0.37 0.86

The confusion matrices generated by the
XGBoost-based classification model for fault
types and fault locations are shown in Figure 21
and Figure 22, respectively. For the fault-type
classification task, labels 1 to 10 represent the
considered fault categories, whereas label 0 in-
dicates the non-faulty condition. For the fault-
location classification task, label 0 represents the
non-faulty condition, and labels 1 to 18 repre-
sent the 18 faulted line locations in the 19-bus
system. These numeric labels are used only for
classification and confusion-matrix evaluation.

The simulation test results suggest that the
XGBoost-based classification model can perform
better with respect to the RF-based classifica-
tion model for fault classification.

The analysis has been further extended with
a comparison of the proposed tree-based classi-
fication model with respect to the existing neu-
ral network-based classifier models. In this re-
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Table 3: Comparative study of the proposed models with respect to the existing models for fault classification.

Classification Model RMSE MSE MAE R2

Fault type RF-based model 0.186 0.035 0.008 0.994
XGBoost-based model 0.139 0.019 0.00 0.997
ANN-based model 0.045 0.002 0.01 0.998

Fault location RF-based model 1.867 3.485 0.451 0.805
XGBoost-based model 1.56 2.435 0.375 0.864
ANN-based model 1.795 3.22 0.449 0.820

Figure 21: Confusion matrix obtained by XGBoost-
based model for fault type classification.

Figure 22: Confusion matrix obtained by application
of XGBoost-based model for fault location
classification.

gard, the existing neural network-based classifier
models are further trained and tested with the
same synthetic data set. The results of the clas-
sification quality are measured in terms of the
performance indices. A comparative study with
respect to the proposed RF-based and XGBoost-
based classification models is summarized in Ta-
ble 3. It can be comprehended from Table 3
that the proposed tree-based classification mod-
els can perform better with respect to the neural
network-based classification models. It is also
observed that, across all compared models, fault
location remains more challenging than fault
type classification, indicating that the lower lo-
calization accuracy is primarily due to the in-
herent complexity of spatial identification in the
considered unbalanced network rather than a
specific weakness of the XGBoost formulation.
Here, the ANN is included as a baseline neural
comparator to provide a fair reference against
the proposed tree-based classifiers. The present
study does not provide an exhaustive benchmark
across all possible deep-learning architectures;
rather, it focuses on structured µPMU phasor-
based fault classification and localization using
RF and XGBoost. Since the available inputs are
phasor features rather than sequential waveform
data, architectures such as CNNs and LSTMs
were not considered in the present comparison.

An analysis of the performance of the pro-
posed models on the basis of raw data reveals
that synthetic data has the capability to improve
the classification accuracy for fault type identifi-
cation; however, for fault location classification,
synthetic data shows a marginal trade-off in
RMSE despite improved classification accuracy
and MAE, which is elaborated further in the
following discussion. As an example, the com-
parative classification accuracy of the XGBoost-
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Table 4: Comparative performance indices of XGBoost-based fault classification using raw and synthetic datasets.

Classification Model RMSE MSE MAE R2

Fault type XGBoost-based model by raw data 0.603 0.363 0.043 0.938
XGBoost-based model by synthetic data 0.139 0.019 0.00 0.997

Fault location XGBoost-based model by raw data 1.511 2.283 0.443 0.874
XGBoost-based model by synthetic data 1.56 2.435 0.375 0.864

based model simulated on raw and synthetic
data are summarized in Table 4.

6. Conclusions

This study has revealed the importance of ap-
plying tree-based ML models to classify distri-
bution line faults over neural network-based ML
models. The performance of the classification
models has been assessed using multiple perfor-
mance indices. It has been observed that the
XGBoost-based model performs better in clas-
sification than the RF and ANN-based mod-
els. The study also found that preprocessing-
based dataset augmentation improves classifica-
tion accuracy. While fault type classification ac-
curacy has been very high for all the models,
fault location classification accuracy has been
slightly lower. Nevertheless, the 89.5% accuracy
achieved by XGBoost is noteworthy and com-
pares favorably with the existing approaches.
The proposed classification model is designed to
be robust and deliver efficient fault-type clas-
sification for all possible line-fault types across
multiple phases.

Future research may focus on identifying the
influencing factors in synthetic dataset gener-
ation and their impact on classification accu-
racy. Moreover, it may be useful to investigate
whether a larger collection of µPMU measure-
ments can further improve performance. Since
the proposed RF- and XGBoost-based classifiers
learn from µPMU phasor signals, substantial
changes in short-circuit current due to higher
distributed generation penetration may alter the
feature pattern and therefore affect classifica-
tion behavior if such cases are not included in
training. Extending the framework to reconfig-
urable network topologies, broader short-circuit-
current regimes, and higher distributed-source

penetration is therefore a significant future di-
rection for strengthening the generality of the
method.
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