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Abstract

Power outages in electrical grids can have very negative economic and societal impacts rendering fault diagnosis
paramount to their secure and reliable operation. In this paper, deep neural networks are proposed for fault detec-
tion and location in low-voltage smart distribution grids. Due to its key properties, the proposed method solves some
of the drawbacks of the existing literature methods, namely a method that: 1) is not limited by the grid topology; 2)
is branch-independent; 3) can localize faults even with limited data; 4) is the first to accurately detect and localize
high-impedance faults in the low-voltage distribution grid. The generalizability of the method derives from the non-grid
specific nature of the inputs that it requires, inputs that can be obtained from any grid. To evaluate the proposed
method, a real low-voltage distribution grid in Portugal is considered and the robustness of the method is tested against
several disturbances including large fault resistance values (up to 1000€2). Based on the case study, it is shown that the
proposed methodology outperforms conventional fault diagnosis methods: it detects faults with 100 % accuracy, identifies
faulty branches with 83.5 % accuracy, and estimates the exact fault location with an average error of less than 11.8 %.
Finally, it is also shown that: 1) even when reducing the available measurements to the bare minimum, the accuracy of
the proposed method is only decreased by 4.5 %; 2) while deep neural networks usually require large amounts of data,
the proposed model is accurate even for small dataset sizes.
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1. Introduction

Power outages can lead to serious consequences of both
economic and societal nature, ranging from production loss
to risk to health and safety [1, 2]. Weather conditions [3],
equipment failures [4], accidents and unpredictable events
such as vandalism, hacking or equipment theft, are some
of the causes of power outages. Faults in distribution grids
account for 80 % of the customer electricity interruptions,
with single-phase-to-ground faults being the most frequent
type of fault and three-phase faults the most severe one [5].

The system average interruption duration index
(SAIDI), i.e. the average time a costumer has no electric-
ity service, is used to measure the reliability of distribu-
tion grids. In Europe, in 2016, most countries presented a
SAIDI inferior to 100 min per year per customer, with a
clear improvement tendency over the last years [6]. This is
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mainly attributed to the fact that smarter and more effi-
cient functionalities, introduced by the smart grid concept,
are being integrated in distribution grids.

In a recent study [7], ENEDIS, the main French distribu-
tion system operator (DSO), in collaboration with ADEeF,
the French DSO association, reported profits of €3.3 mil-
lions per year from the implementation of self-healing tools
in a medium voltage (MV) smart distribution grid. At the
same time, the benefits of just a situation awareness tool
in a Finnish DSO substantially reduced the cost of power
outages [8]. Based on these real examples, it is clear that
fault diagnosis tools are not only needed for grid stabil-
ity but they are also paramount to reduce costs and to
increase profits.

According to the different definitions of a smart grid
[9-12], one of its key features is the ability to self-heal
with the aid of advanced metering and communication
tools and intelligent monitoring, aiming at a more secure,
cost-effective and reliable operation. The backbone of self-
healing strategies are the fault detection and fault location
processes. However, despite the serious effects of power
outages described above, many utilities still rely on cus-



tomer phone calls to detect or localize a fault [13]. As
a result, researchers have long been trying to automatize
these processes.

In this context, the available fault location methods can
be divided in three main categories: a) the conventional
methods, including impedance-based and traveling-wave
methods, b) the knowledge-based methods that use artifi-
cial intelligence and ¢) hybrid methods. From the first cat-
egory, impedance-based methods are the most widely used
basically due to their simplicity. Traveling-wave methods,
although initially applied to transmission systems, have
been used for distribution systems as well. Reviews of
the conventional methods are provided in [14-16]. In the
second category, different aspects of artificial intelligence
have been employed to tackle the fault location problem
including: a) artificial neural networks [17-19], b) support
vector machine neural networks [18, 20] and ¢) fuzzy logic
[21, 22]. Finally, neural networks and fuzzy logic have been
used in combination with conventional methods to create
hybrid tools [23-25].

1.1. LV grid characteristics

The LV grid is the final link that connects customers
with the distribution substation. Although initially de-
signed to follow the “fit and forget” doctrine, DSOs face
now several challenges because of the integration of re-
newable energy sources and the bidirectional flow of en-
ergy they entail. Particularly, due to the necessity of the
installation of renewable energy sources to fight climate
change, DSOs are being forced to shift their attention to
the monitoring of the LV grid.

Compared to the MV distribution grid, the LV grid
presents a more complex structure. In detail, the LV grid
presents five big differences [26]:

e Radial structure with an increased number of

branches.
e Multi-phase and unbalanced operation.

e Unbalanced distribution of loads and generation units
both per phase and topologically.

e A big variety of conductors connecting the nodes of
the grid with a wide range of resistance (R) and re-
actance (X) values.

e The resistive nature of distribution lines (R/X > 1).

As a result, despite the desire of the DSOs for auto-
mated fault detection and location techniques, the above
characteristics in combination with the limited availability
of sensors in LV grids, pose considerable obstacles in the
development of such techniques.

1.2. Literature review

In spite of the reasons listed above, researchers have
mostly focused on the development of fault detection and
location methods for the MV grid, neglecting the more
complex case of the LV grid. Particularly, only a handful
of methods have been recorded for the LV distribution
grid, with the oldest one dating back to just 2012.

In [27] a fault detection and location method based on
a current phase-angle difference analysis is proposed; in
terms of fault location, the method is very limited as only
the faulty sector is identified without a precise estimation
of the fault location. Another approach was tested in [28]
where the operational status of smart meters is taken into
account to determine the fault location area. Moreover, in
[29] a method to detect and localize non-technical losses
was developed by comparing current values from smart
meters with the current value at the transformer level; an
estimation of the non-technical losses, e.g. electricity theft,
location is achieved with an accuracy of 85%. Further-
more, the authors of [30] propose the use of the current
signal injection technique, a more conventional method,
to monitor deviations of impedance characteristics in the
nodes of the grid and to locate the faulty node/area. An-
other approach is described in [31], and it involves the use
of the Park vector representation of the voltage sag pro-
duced after a short-circuit fault to identify the fault type
but also to get an idea of the proximity of the fault loca-
tion. A fault diagnosis method based on gradient boosting
trees is proposed in [32] but it is limited to a branch identi-
fication and does not provide a distance estimation. In ad-
dition, an attempt to apply a graphic method in LV grids
was made in [33] with the fault location process based on
the extracted voltage profile across the faulty branch. Fi-
nally, a conceptual method of fault detection and location
is proposed in [34] based on data from sparse sensors along
the grid.

1.3. Motivation

To ensure the success of the energy transition, fault di-
agnosis methods are paramount to mitigate the reliability
issues of renewable energy sources. In this context, meth-
ods that detect, identify and locate faults have been widely
researched across several domains: photovoltaics [35, 36],
electric batteries and electric vehicles [37], thermal stor-
age [38], wind farms [39], fuel cells [40, 41], gas turbines
[42], gas supply [43], thermal power plants [44], or even
household appliances [45]. Moreover, on higher voltage
levels, researchers have also tried to increase the reliabil-
ity of the transmission grid [46] and to predict cascading
effects and blackouts [47]. However, despite the success of
fault diagnosis methods in all these applications, reliable
and accurate methods for fault detection and location in
LV grids are still missing.

In particular, one of the main issues of the existing fault
detection methods is that they are grid-specific. As it is
clear from the literature review, despite the generaliza-
tion properties of the conventional methods for MV grids



(impedance-based or traveling wave), none of them have
been applied to LV grids. This is not just a coincidence:
impedance-based methods present limited accuracy and
identify multiple possible locations for a fault [13, 16];
this problem renders them impractical for the case of LV
grids where multiple branches exist. Similarly, traveling-
wave methods can also be seriously affected by the pres-
ence of multiple branches, which hinder the distinction be-
tween waves [13, 16]. Finally, both impedance-based and
traveling-wave methods depend on line parameters that in
LV distribution grids vary a lot; as a result, their accuracy
would not be very good.

The existing methods, while they overcome the issues
of conventional methods with the use of data-driven ap-
proaches, have several issues of their own. Particularly,
while they are in general more accurate, they are very
specific to the grid topologies under study as they cannot
be easily generalized to new grids, and require a lot of data
from smart meters. In addition, with the exception of two
studies [29, 33], the existing methods do not provide an es-
timation of the fault location, but instead they are limited
to the identification of the faulty area/line.

Another problem with the existing fault detection and
location methods in LV grids, is that they all consider a
limited number of fault scenarios in their case studies. For
example, in terms of fault locations, only one fault location
is considered in [27, 28, 48], two in [30], five in [29] and
ten in [33]. As many parameters can influence the fault
location process, such a small number of fault scenarios is
not enough to validate the existing methods.

Finally, the last limitation in the current literature is
that, even for the methods proposed for MV grids, most
methods only focus on faults with low fault resistance val-
ues that rarely surpass the 100Q. Taking into account
that faults with a higher fault resistance can occur, e.g. in
the case of non-technical losses (fault resistances can be
higher than 5002) or when a downed conductor touches
the earth (fault resistances reach up to 1500€2), the need
for fault detection and location techniques that cover these
cases, i.e. large fault resistances and LV distribution grids,
is evident.

1.4. Contribution

In this paper, in order to fill the described scientific gap,
a deep learning method is proposed that addresses all these
issues. In detail, the contribution of the paper is fourfold
and proposes:

1. A fault detection and fault location method that can
perform three different tasks: detect the occurrence of
a fault and identify a faulty feeder, identify a faulty
branch, and localize the position of the fault.

2. A data-driven method that, while being very accu-
rate, is not limited by the grid topology nor the num-
ber of sensors, but that can detect and localize faults
independently from the grid structure or available in-
formation.

3. A method that can detect and localize faults even
when the data are very limited. In particular, the
average accuracy decreases only slightly in the case of
extremely limited measurements.

4. The first method that can accurately detect and lo-
calize faults of high fault resistance values in the LV
distribution grid.

As neural networks have proven to be more accurate
than analytical methods [18, 19, 49, 50] in solving the fault
location problem in MV grids, four of these methods are
used as a benchmark [18, 48, 50, 51]. Moreover, as a direct
comparison with methods designed for MV is not always
fair, one conventional method for the LV case [33] is also
considered.

The paper is organized as follows: first, Section 2 intro-
duces the field of deep learning. Then, Section 3 defines
the proposed method for fault detection and fault loca-
tion. Next, Section 4 describes the considered case study
to evaluate the proposed method. Section 5 presents the
results and discusses the merits of the proposed method.
Finally, Section 6 compares the accuracy of the proposed
method with others in the literature.

2. Deep Learning

As one of the aspects of this work is the use of deep
learning (DL) and deep neural networks (DNNs), in this
section, a brief overview on this topic is provided.

2.1. Introduction to deep learning

In recent years, the research on neural networks has
achieved several breakthroughs that have lead to what is
now known as deep learning. In particular, due to these
breakthroughs, the usage of neural networks whose depth
is no longer limited to a single hidden layer is now possible.
These deeper neural networks have systemically proven to
be better at estimation problems in several applications
due to their better generalization properties [52].

While this success of DL models initiated in computer
science applications, e.g. image recognition [53], speech
recognition [54], or machine translation [55], the benefits
of DL have also spread in the last years to several energy-
related applications [56-64]. Among these areas, time se-
ries forecasting is arguably the field that has benefited the
most [56, 59, 61, 63, 64].

As mentioned in the introduction, despite the success
of DL in all these energy-related areas, there has not yet
been, to the best of our knowledge, an attempt to bring its
ideas and models to the field of fault detection and fault
location in LV distribution grids.

2.2. Deep neural networks

In general, a neural network is nothing else than a model
F(X, W), with parameters W, that uses some input fea-
tures X in order to predict some variable of interest Y



[62]. Thus, to use the neural network for a given task,
i.e. to predict Y, one only needs to gather a dataset
S = { (X, Yk)}kN:1 and use this dataset to estimate the
optimal parameters W* that best fit the dataset. Let us
define the input of a neural network by X = [z1,...,2,]"
and the output by Y = [y1,...,%m]". Let us also de-
fine the number of neurons of the k" hidden layer by ny
and by zp = [2k1,.-.,2kn,]  the state vector in the same
layer. Using these definitions, a general DNN with two
hidden layers can be represented as in Fig. 1.

Hidden Hidden
Input layer layer Output
layer
— »
Y2
Ynm

Figure 1: Example of a DNN.

In this model, the parameters W are the weights es-
tablishing the mapping connections between the different
neurons of the network. In detail, the mapping equation
of a general neuron 7 in the k*" layer is given by:

2ki = fri (Wki “Zp—1+ bki) (1)

where fj; represents the activation function of the neuron,
zj,_1 the values of the neurons of the previous layer, i.e. k—
1, Wy; the matrix of weights establishing the connection
between all the neurons of layer £ — 1 and neuron ¢ in the
kth layer, and where by; is the so-called bias parameter of
the neuron. Typical activation functions are the sigmoid
function, the hyperbolic tangent function, or the rectified
linear unit.

2.3. Training

The process of estimating the model weights is usu-
ally called training. Given the previously defined set
{(Xk,Yk)}szl, the network training is done by solving
a general optimization problem with the following struc-
ture:

N
min‘i{]nize kz::l G (Yk, F(Xg, W)) , (2)

where g is the problem-specific cost function. For grid
fault diagnosis, this cost function varies depending on the
specific task (more details on this will follow later in Sec-
tion 3.3.4).

2.4. Hyperparameter and feature selection

In addition to the weights, the network has several pa-
rameters that need to be selected before the training pro-
cess. Typical parameters include the number of neurons
of the hidden layers, the number of hidden layers, the type
of activation functions or the learning rate of the stochas-
tic gradient descent method. To distinguish them from
the main parameters, i.e. the network weights, they are
referred to as the network hyperparameters.

Besides hyperparameters, DNNs need to perform an-
other selection before the training process: the input fea-
tures. Particularly, an adequate set of input features is key
to obtain accurate models: a large set of irrelevant features
will lead to inaccurate models that are hard to train; sim-
ilarly, a small set that misses relevant input features will
produce models with low accuracy.

The reason why both hyperparameter and features need
to be selected before the training process is because these
parameters cannot be optimized using a derivative-based
method. In detail, while the best approach to optimize
the weights of the neural network is to use some state-
of-the-art gradient descent method, features and hyperpa-
rameters need to be optimized using black-box methods
since the relation between features/hyperparameters and
the output of the DNN cannot be defined (in general) using
a differentiable function.

In practice, to optimize the hyperparameter and fea-
tures, a search method is usually employed. This method
iteratively selects different combinations of hyperparame-
ters and features, trains the neural network with each of
these different combinations, and finds the set of hyper-
parameters and features that lead to the most accurate
model. To do so and to avoid data contamination, the
dataset is usually divided into three subsets:

e Training dataset: the dataset used for training the
DNN, i.e. estimating the weights.

e Validation dataset: the dataset used for optimizing
hyperparameters and features.

o Test dataset: an out-of-sample dataset® that is used
to evaluate the final method and compare against ex-
isting ones.

2.5. Further contributions of deep learning

An important thing to note is that deep learning is more
than just deep neural networks. In particular, while the
success of these models has been usually linked to the
depth of the networks, the field has also benefited from a
series of developments and contributions that have made
possible the training of deep networks and the attainment
of more accurate models. In this context, there are three

LA dataset that is never used during training and that is used to
evaluate the accuracy of the method in unseen data. This is needed
to ensure the method does not overfit.



key developments that have been crucial in the success of
DL:

e Optimization algorithms: the traditional optimiza-
tion algorithm for training neural networks, i.e. gradi-
ent descent method with back-propagation, had mul-
tiple limitations when training deep neural networks,
e.g. computational cost or getting stuck at bad local
minima. The appearance of several stochastic gradi-
ent descent methods, e.g. Adam [65], facilitated the
training of deep networks, the attainment of better
local minima, and the reduction of the computation
cost of training.

e Regularization techniques: without appropriate reg-
ularization, due to the large amount of parameters,
DNNSs can easily overfit the training data. To avoid
that, new regularization techniques, e.g. dropout [66],
had to be developed.

e Activation functions: training deep networks with
standard activation functions, e.g. sigmoid and hy-
perbolic tangent, leads to networks that are not that
accurate. The appearance of new activation functions,
e.g. the rectifier linear unit (ReLU), lead to more ac-
curate neural structures.

As a result, when developing deep neural networks and
other deep learning models, it is important to consider all
these factors in order to obtain accurate networks that can
be trained efficiently.

3. Fault Detection and Location Method

The basis of the proposed algorithm is to use a DL model
in order to solve the different fault diagnosis tasks. How-
ever, in order to obtain an accurate model with the desired
properties, it is not enough to train a DL model with grid
data. Particularly, the method has to be designed to be
robust, to be grid-independent, and to be accurate even
when the information is limited. To obtain such a method,
careful consideration has to be paid to the model design.

3.1. Grid independence

One of the key properties of the proposed method is
that it is independent of any grid topology, i.e. it can be
estimated using data from multiple grids and branches and
it is not restricted by the number of sensors nor the grid
topology.

Standard data-driven models usually lack the above
property as their inputs are based on the real measure-
ments on the grid. As an example, if we consider a model
that uses voltage measurements along the grid, it is clear
that the number of inputs will vary for each branch, e.g.
a branch with five measurements will provide five inputs
while a branch with two measurements will provide two

inputs. In this context, it is not easy to derive a generaliz-
able model that can be applied to both branches. Instead,
it is easier to derive a model for each branch.

While the described approach works reasonably well, it
prevents data-driven methodologies to generalize to new
grids. In particular, while they might perform well for a
given grid topology, they might fail to locate faults when
conditions change. In addition, due to their grid depen-
dence, they cannot be used in other grids than the one
where they have been estimated, and they always require
new data when the models are deployed in a new grid.
This obviously poses a problem as gathering new data is
not always possible and, even when it is, it usually has
associated costs.

In this paper, the proposed method avoids the issue
of non-generalizability via two of its components: a) a
simple pre-processing step and b) considering branch-
independent inputs. In detail, any input to the model
representing measurements along the grid/branch is pre-
processed via an interpolation function to obtain a set
of inputs that always has the same size. By doing so,
the method becomes generalizable as the inputs of any
grid /branch always have the same size. In addition, the
feature set avoids branch specific features, e.g. branch
length or branch resistance and reactance, so that the
model can be applied to a different grid as its inputs
do not dependent on the branch/grid topology. Finally,
with these two components, not only does the method
becomes generalizable, but the DNN becomes more ac-
curate due to regularization. In detail, it has been em-
pirically shown that by forcing DNNs to learn multiple
related tasks, the performance and learning speed can be
improved [62, 67, 68]. Hence, as the DNN is trained to
solve different tasks, i.e. to identity faults from different
branches/grids, its performance is expected to improve.

This interpolation function maps any set of measure-
ments to a set of values representing the same measure-
ments as if they were coming from equally spaced sensors
inside each branch. In particular, if we consider the case
of three interpolated measurements per branch, we would
interpolate the real measurements to obtain one measure-
ment at the beginning, another at the end of the branch,
and a third one in the middle. While the distance between
the sensors would be obviously equal within a branch,
the interpolated distance would naturally change between
branches. An example of this interpolation method is pro-
vided in Fig. 2, where branch 1 and 8 equipped with seven
and five voltage sensors respectively, after the interpola-
tion, end up both with five voltage measurements this time
at fixed locations within each branch. More specifically,
since in this case the desired number of measurements per
branch was selected to be five, a choice that will be ex-
plained later, consequently the fixed interpolated sensor
locations inside each branch were at the beginning, the
middle and the end of each branch and at the interme-
diary locations of 25% and 75% of the branch length.
As mentioned above, this interpolation method guaran-



tees the uniformity of the input dataset and renders the
method generalizable to other grids since it does not de-
pend on the number of sensors per branch. In addition, it
should be noted that a minimum of two measurements per
branch are required for the interpolation step. Given the
fact that one of those two can be the one at the substa-
tion level, at least one more along each branch would be
required for the interpolation method to work. To further
clarify this interpolation process the detailed algorithm is
provided in Algorithm 1.

(A)
&)
Feeder 1 - Feeder 3
1 g 0 (TO L g
9 1
25 %
5 8
o —4— 509
50 %
—> «
16 —@—
75 % th 1,
20— — 8™ branch
20 —8— 100 %
1% branch

® @ voltage measurements ® cqually distanced interpolated voltages

Figure 2: Representation of the interpolation scheme to obtain
equally spaced measurement.

It is important to note that, unless the voltage decay is
linear, the interpolation method adds an extra error to the
measurements. This is however not important as: a) the
error introduced by the interpolation method is smaller
than the measurement error and b) the DNN is trained
with the noisy data so the this noise is implicitly included
in the model.

Besides the interpolation step the model considers
branch-independent features. In particular, branch-
specific features, e.g. branch length, type of conductors
or branch resistance and reactance, are disregarded. By
doing so, the model can be applied to a different grid as
its inputs are not branch-specific.

3.2. Limited data

A second key property of the algorithm is that it can
detect and locate faults even in a grid where the amount
of data is limited, e.g. in a grid where measurements are
only available at the beginning of the feeder and at each
terminal point.

The main problem to remain accurate even when data
is limited is the fact that data-driven methods tend to
overfit under those conditions. Therefore, to accurately
detect faults even with limited data, the method needs to
extract the maximum amount of information from a given

Algorithm 1 Creation of Voltage matrix - Interpolation

1: #i: branch number

2: #n: desired number of interpolated voltages

3. #V™: vector of voltage measurements for branch i
4: procedure VOLTAGE_INTERPOLATION(V™, i, n)

# Obtain locations of measured voltages in branch i
X =[X1,...,X)] = sensorLocations (i)

# Generate equally spaced locations X™
10: #of the virtual/interpolated voltages
11: I = readBranchLength(i)
int _ 12
12: Xln _[07ﬁ’ﬁ7""l]
14: # Generate vector of virtual/interpolated voltages
15: Vint=interpolate (V™ X, Xnt)

17: Return: Vint

20: #n is the desired number of interpolated voltages
21: procedure GENERATE_VOLTAGE_MATRIX(n)

22:  Verld =[]
23: # B: total number of branches
24: fori=1:Bdo
25:
26: # Read measured voltages at branch 1
27: #k: total number of nodes in branch i
28: vm=[V™, ..., V*] = readVoltages (i)
29:
30: # Generate virtual/interpolated voltages
31: yint — [yjnt ) yint] =
voltage_interpolation(V™ ¢, n)
32:
33: # Append interpolated voltages to matriz
V'lint
34: Vgrid = Vgrid :
Vint
35:
36: Return: Verid

set of inputs, while avoiding the extraction of information
that is too specific to that set of inputs.

To do so, a prediction model is proposed that has the po-
tential of generalizing to different data, together with data
from different sources. For the model that can generalize
to different data, a DNN is considered. For data from dif-
ferent sources, data from different branches and data with
different types of faults and noise levels are considered.

The motivation behind this is that it has been empir-
ically shown that DNNs can learn features that can, to
some extent, generalize across tasks [62, 67, 69]. In this
case, by having a DNN that learns to locate faults under
different situations, a model is obtained that can gener-
alize and extract useful information even when data are



limited. There are some possible hypotheses that could
explain why this methodology improves the performance:

1. The simplest explanation is the amount of data: as
more data are available, the DNN can learn more rel-
evant features. Moreover, as the data are related, the
DNN has more data to learn features that are com-
mon to all sources.

2. A second reason is regularization: by solving different
tasks, the DNN is forced to learn features useful for
all sources and to not overfit to the data of a single
source.

3.3. Prediction Model

While the diagnosis methodology involves different com-
ponents, the key element of the proposed method is the
prediction model itself. As motivated in the previous sec-
tions, a DNN is considered for multiple reasons, namely, its
generalization capabilities, which allow to identify faults
even with limited data, and the success of these type of
models in multiple applications.

However, to obtain a highly accurate model, employing
a DNN is not enough. Particularly, the inputs, hyperpa-
rameters, and training of the DNN need to be carefully
optimized.

3.3.1. Model Inputs

One of the most important aspects to have an accu-
rate prediction model is to select the optimal set of input
features. In the proposed method, in order to always con-
sider a set of optimal inputs, a feature selection method
is considered. In particular, for any given diagnosis task,
the method considers the information that the DSO might
have available and then, during training, it performs a
feature selection using the tree-structured Parzen estima-
tor (TPE) [70]. The selection of this algorithm has been
done because of its success in other energy-related applica-
tions [62-64]. To define this set of available input features,
three aspects need to be taken into account: a) how the
method detects and locates faults, b) the requirements of
the method to be generalizable, and c) the fact that faults
are time-dependent events.

For the first consideration, independently of the diagno-
sis task, the fact that the method detects faults by eval-
uating the status of each grid branch needs to be taken
into account. Therefore, the set of input features has to
contain data that models the status of each branch.

For the second consideration, as motivated before, the
feature set has to avoid branch specific features, e.g.
branch length or branch resistance and reactance, and
employ interpolated measurements. In particular, for the
model to be applied to a different grid, the input of the net-
work cannot be branch-specific. Similarly, if the number
of voltage measurements depend on the branch, any pro-
posed method would be, not only grid-specific, but branch-
specific. To address this, the proposed method interpolates
the measurements along each branch to represent the same

measurements as if they were coming from equally spaced
sensors. Hence, for an application in a different grid it
suffices to respect the format of the input features without
modifying other elements of the method.

It should be underlined here that the scenario of identi-
cal branches is entirely theoretical as in practice they are
heterogeneous in various ways: a) length, b) number and
length of sectors, ¢) line characteristics of every sector and
d) connected PV and loads per phase and node. On top of
that, as mentioned earlier, the method does not take into
consideration branch-specific parameters such as branch
length. So even in the case of two branches within the
same feeder with the same length, the algorithm will not
be affected.

For the third consideration, the set of input features
should be able to model, not only the status of each
branch, but also the evolution of this status. As an exam-
ple, to identity whether a fault has occurred, the method
should not only consider the status of the grid under the
fault, but also the status of the grid before the fault; by
doing so, the method can more reliably identify faults as it
has a representation of the grid under healthy conditions.

Based on these three considerations, to detect and locate
a fault at time ¢, the set of all possible input features is
defined as:

e N; branch voltages at time t obtained by interpola-
tion of the real branch measurements into five equally
spaced measurements. Selecting IV; is a design choice.
In the case study of Section 4, it was observed that
N; =5 is a good enough parameterization.

e The current at time ¢ at the beginning of the feeder
where the branch is located.

e The generation and load in the distribution grid.

e The same four elements (voltage, current, generation
and load) but 5 minutes before ¢.In particular, data
are recorded on intervals of 50 ms. Then, to evaluate if
a fault is happening at a given moment, the method
considers the measurements of the voltage, current,
and load/generation 5 minutes before. The goal of
considering previous measurements is to have a recent
snapshot of the grid during healthy operation. Thus,
both pre-fault and post-fault values are part of the
input dataset.

The complete process of creating the input feature
dataset is described in Fig. 3.

Although, smart meters nowadays are capable of provid-
ing measurements every 1 to 10 seconds [71], due to restric-
tions imposed by the current telecommunication technol-
ogy in the supervisory control and data acquisition system
(SCADA), this measurement frequency decreases to only
once every 15 minutes [72]. Even though, ideally, having
a picture of the grid just the moment before the fault oc-
currence would increase the reliability of the method, the
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Figure 3: Flowchart of the model input dataset creation process. N
indicates the number of the total studied fault scenarios.

5 minute interval that was chosen above is justified as a
realistic expectation in the near future.

As a final remark, it is important to note that the opti-
mal set of features might vary from task to task, e.g. the
optimal features for detecting faults might differ from the
set for locating faults.

3.3.2. Hyperparameter Optimization

Besides optimizing the inputs, to obtain an accurate
model, it is paramount to optimize the DNN topology. For
the proposed method, to obtain an optimal DNN struc-

ture, an optimal selection is performed using a large set of
hyperparameters.

For the optimization, the hyperpamaters of the DNN
are simultaneously optimized together with the input fea-
tures, i.e. the tree-structured Parzen estimator algorithm
[70] is employed to simultaneously obtain the optimal hy-
perparameters and the optimal features. The use of the
tree-structured Parzen estimator to do this selection was
motivated by the success of the method in other energy-
related studies [63, 64].

To maximize accuracy of the model, the method consid-
ers a large set of hyperparameters that models almost all
possible DNN configurations. These hyperparameters are
listed in Table 1 together with their possible ranges.

Hyperparameter Range
Batch normalization {0,1}
Dropout [0,1]
Learning rate [107%,1071]

{ReLU, softplus, tanh, sigmoid,
selu, PReLU, LeakyReLU}
1,2,...,7)

(25,26, ...,400}

{None, Uniform, Gaussian}

Activation function

Number of layers
Neurons per layer

Normalization

Table 1: Model hyperparameters and their possible ranges

Most of the hyperparameters on the table are self-
explanatory. The exception are the activation function
and the data normalization. For the activation functions,
we refer to [73] for a detailed definition. For the data
normalization, Uniform uniformly normalizes the data to
[0,1] and Gaussian standardizes the data to follow a Nor-
mal distribution.

3.3.3. Training

In order to estimate the optimal network, i.e. optimal
DNN weights W, optimal input features and optimal hy-
perparameters, the same procedure is repeated:

1. Consider a dataset {(Xk,Yk)};::l containing data
pairs representing all possible input features X and
the relevant output Y to be identified (see also Sec-
tion 3.3.4).

2. Divide S5 = {(Xk,Yk)}szl in three subsets: train-
ing (60%) + validation (20%) + test (20%).

3. Perform the feature and hyperparameter optimization
using the training and validation dataset:

e The training dataset is used to solve (2) and es-
timate the weights W.

e The validation dataset is used as an out-of-
sample dataset to select the optimal features and
hyperparameters.



4. Using the optimal network, evaluate its performance
on the test dataset.

To solve (2), the Adam optimizer is used [65]. In ad-
dition, to avoid overfitting, i.e. estimate a DNN that fits
perfectly to the training dataset but it cannot generalize
to new data, the network is trained in combination with
early stopping and out-of-sample data to evaluate its per-
formance.

3.8.4. Network outputs and cost function

While the procedure to optimize the features, hyperpa-
rameters, and network weights is independent of the fault
diagnosis task, the output of the DNN and its cost func-
tion varies with the problem. Several steps are necessary
to pin point the exact location of the fault. First of all,
the occurrence of the fault should be detected, then the
faulty feeder and branch should be identified and finally,
the exact distance of the fault within the faulty branch
should be estimated. Following the above sequence three
fault diagnosis tasks were designed for the DNN.

o Fault detection and feeder identification: de-
tecting whether a feeder has a fault can be modeled
with a classification network. In particular, for each
branch-related input X, the output Y is defined to
be 1 or 0 to respectively denote that the branch has
a fault or that the branch has no fault and is in a
healthy feeder (the data from those branches who are
healthy but in a faulty feeder were excluded). Then,
for training, the neural network can simply minimize
the binary cross-entropy loss (standard loss for classi-
fying between two classes). In real time, this network
can simply be applied to all the branches of a feeder
to identify whether there is a fault on the feeder.

e Branch identification: identifying the faulty
branch in a faulty feeder is a very similar task to iden-
tifying a faulty feeder. However, instead of labeling 1
and 0 the branches in and out of faulty feeders, only
branches within a faulty feeder are considered. For
all these branches, the output is defined as 1 for the
faulty branch and as 0 for the healthy branch in a
faulty feeder (data from healthy branches in healthy
feeders were excluded). In real time, once the feeder
is identified with the fault detection and feeder iden-
tification network, this network is run to identify the
faulty branch. As it is a binary classification problem,
the network considers again the binary cross-entropy
loss.

e Fault distance estimation: unlike the previous two
tasks, estimating the distance at which the fault oc-
curs is no longer a classification problem but a re-
gression problem. To solve it, the subset of faulty
branches is considered. Then, each output Y is de-
fined as the distance at which the fault occurred. As
the method has to be length-independent, the faulty

distance is normalized between [0,1]. For the loss
function, the standard mean squared error is consid-
ered. In real time, once the branch has been identified
by the previous networks, this network indicates the
fault distance.

3.4. Representation

To provide a better understanding of the method, Fig.
4 represents the different components of the proposed
methodology and how they relate to each other.

3.5. Generalizability of the method

The generalizable property of the method does not im-
ply that the method can be estimated in one grid and then
use in the context of a completely different grid. In par-
ticular, while the method can be applied to different grid
topologies or different grid characteristics, it is advisable
to retrain the algorithm (if possible) for each grid consid-
ered. This ensures that the accuracy is maximized as the
algorithm is tailored to the specific characteristics of the
grid. While being less critical, it is also advisable to re-
train the algorithm if a permanent change occurs in the
grid, e.g. a line is upgraded.

In the same context, as the method is based on identi-
fying faults per branch basis, no retraining is needed for
the case of grid maintenance or servicing. Particularly, if
a fault occurs when works are being carried out in another
feeder or another branch, the method accuracy will not be
affected as its accuracy only depends on the branch under
fault. The latter remains unaffected by the servicing in
another feeder/fault.

It is important to note that the retraining step is not
mandatory: the method is still expected to detect faults
when changes occur. Particularly, as it is trained with gen-
eral inputs, e.g. normalized /interpolated voltages, some of
the characteristics employed by the method to identify a
fault, e.g. large voltage drop, would be independent of the
grid characteristics. However, if not retrained, the accu-
racy of the method will likely decrease, with the drop in
accuracy dependent on the severity of the changes in the
grid.

4. Case study

As mentioned in the introduction, the proposed method
is evaluated using a real LV distribution grid in Portugal.
In this section, the case study and the experimental setup
are properly defined.

4.1. Grid features

The considered three-phase-four-wire LV grid with a
solidly grounded neutral has two distinct characteristics:
a) heterogeneity: the grid consists of non-homogeneous
distribution lines, i.e. conductors of different lengths, re-
sistaces and reactances are used to connect the nodes and
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Figure 4: Conceptual representation of the method.

branches of the grid; b) émbalance: there is an asymmetri-
cal distribution of the loads and photovoltaic (PV) systems
both topologically and per phase. Moreover, a total of
48 consumers and 18 photovoltaic systems are connected
to the grid via single phase connections. The LV grid
schematic is presented in Fig. 5 and the described features
are listed in Table 2.

4.2. Grid measurements

As presented in Fig. 5, phase and neutral RMS cur-
rent measurements are considered in the beginning of each
feeder while voltage RMS measurements are considered to
be available on every node of the grid. For the voltage,
in addition to phase RMS measurements, a symmetrical
component analysis is performed to compare which of the
two is able to provide more accurate information for the
fault location process.

It is important to note that, as explained in Section
3.1, any measurements along the grid, i.e. the voltages,
are transformed to five equally distanced points by linear
interpolation. Moreover, despite having sensors at every
node in the grid, the method is also tested under the as-
sumption of limited information.

4.8. Simulation environment

In order to perform the study, a realistic simulation
framework of the real LV grid was employed. The simula-
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Figure 5: Single line diagram of the LV distribution grid.

tion framework was provided by the company Efacec [29]
as part of their software suite for modeling LV distribution
grids. This simulator can be used for both normal and
faulty operating conditions. The simulation environment
uses the phasor simulation mode in order to reduce com-



Table 2: Grid characteristics: minimum and maximum values of
branch length, conductor length and R/X ratio, current and volt-
age sensors, and total per phase (Pha,p,c) contracted and installed
power.

Grid Characteristic Value Unit
Branch length 185 - 640 m
Conductor length 35 - 210 m
Conductor R/X 4.27 - 47.53 —
Current sensors 3 —
Voltage sensors 33 -
Pha  Phs  Phe
Installed load 75.90 96.60 89.70 KV A
Installed generation 17.90 15.96 23.27 kW

putation time as the voltage and current measurements
are based on RMS values. In terms of data sampling, the
environment has a configurable sampling frequency that
for this study was chosen as 50 ms.

In addition, as smart meters are designed with a class
1 accuracy (£1%) [29], the simulation environment adds
Gaussian errors with a standard deviation of 1% to the
current and voltage measurements.

4.4. Grid effects

In order to perform the different experiments and to
evaluate the method against different disturbances, the LV
grid was simulated considering different effects:

1. Fault location: to evaluate the effect of the location
of the fault, faults were simulated for nine locations
within each one of the thirty two sectors, i.e. 288 fault
locations were considered.

2. Fault types: in distribution grids, single-phase-to-
ground faults are the less severe but at the same time
the most frequent (they represent 70% of the fault
cases). On the other hand, three-phase faults are the
most severe but also less frequent (they represent only
5 % of the fault occurrences [74]). Consequently, to as-
sess the effect of the type of fault, the most frequent
and most severe faults are studied. Particularly, for
each of the 288 fault locations, 4 fault types were
considered: the three single-phase-to-ground short-
circuit faults (AG, BG and CG) and the three-phase
short-circuit fault (ABC).

3. Simultaneity factor: since not all the loads of every
consumer are going to be activated simultaneously, a
variable simultaneity factor was considered [75]:

maX(Dsystem>
N
Z Dr_nax
=1 !

where D is the load demand and N the number of
loads. While SF stabilizes around 0.5 in residen-
tial areas of developed countries [75], the smaller the
amount of consumers the more likely it is to suffer
deviations. Since the considered grid only has 48 con-
sumers, for each fault location and type, three values
of SF were considered: 0.3, 0.5 and 0.8.

4. Time of the day: to account for the load and genera-
tion variability, the statistical distribution of the daily
generation and load were considered (Fig. 6a and Fig.
6b). Then, for each fault location/type and SF, gen-
eration and load values for each hour of the day were
sampled.

SF = 7 (3)
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Figure 6: Generation and load profiles for one day.

5. Fault resistance: to study the effect of the fault re-
sistance, 8 random resistances were sampled for each
possible combination of the other four effects. To sam-
ple fault resistances, a log-uniform distribution be-
tween 0.1 and 1000 Q2 was considered.

4.5. Data recording and dataset generation

To study the faults, the state of the grid was recorded
150 ms after the fault occurrence. This is a design choice
to ensure that: a) that the faults are at the early stages of
their steady-state and b) that no protective element acts
as inverters are expected to isolate the generators at 200
ms after a fault occurs [76].

Moreover, based on the described values for the effects,
the LV grid was recorded under 663552 faulty scenarios:

32 sectors x 9 faults per sector x

4 fault types x 3simultaneity factors x (4)
24 load/gen. values x 8fault resistance values

= 663552 scenarios.

Besides recording data under faults, the LV grid was also
simulated to generate and record data representing its op-
erating status under healthy conditions. Particularly, data
representing its nominal working regime are also needed in



order to train the DNN. To generate these healthy data,
as the generation and load are the only possible variable
effects, the grid was simulated during normal operating
conditions for 65000 generation and load profiles that were
randomly sampled.

As a result, to conduct the experiments, the considered
dataset contains 663552 datapoints representing faulty
conditions and 65000 datapoints representing healthy op-
eration. However, it is important to note that this is just
the total dataset size as, depending on the experiment, the
employed datasets to train the DNN are small subsamples
of this large one (see Section 4.7 for further details).

4.6. Ewvaluation metrics

The proposed method is designed to solve three different
tasks: fault detection and identification of a faulty feeder,
identification of the faulty branch, and estimation of the
location of the fault. Therefore, depending on the task,
different metrics are needed in order to evaluate the accu-
racy and performance of the method.

4.6.1. Faulty feeder detection

For the first task, as it is a standard classification prob-
lem, two standard metrics are considered: the accuracy
and the F1 score [77]. Let us define by tp the number of
true positives, i.e. the number of times that a faulty feeder
is correctly identified, by tn the number of true negatives,
i.e. the number of times a healthy feeder is correctly identi-
fied, and by fp/fn the number of false positives/negatives,
i.e. the number of times a faulty/healthy feeder is identi-
fied but the feeder is healthy/faulty. Then, the accuracy
of the method is defined as:

tp + tn
tp+tn+fp+n

(5)

Accuracy =

Similarly, the F1 score is defined as:

5 precision - recall

Fl= — ,Jlabelaaa (6a)
precision + recall
.. tp
recision = ———— 6b
P tp+fp (6b)
t
recall = —2 (6¢)
tp+fn

4.6.2. Faulty branch identification

For the faulty branch identification, while it is also a
classification problem, the resulting metrics are slightly
different. In particular, the goal is to identify which of the
grid branches is the one with a fault (the occurrence of
the fault itself was already detected in the previous task).
Therefore, the number of times a branch is correctly iden-
tified as faulty, i.e. tp, must necessarily be the same as the
number of times that the other branches are identified as
healthy, i.e. tn. Similarly, the number of fp must be the
same as fn. Therefore, it holds that:
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Accuracy =F1 = = recall = precision  (7)

tp

tp +fn
In other words, the accuracy is simply defined as the

number of times the faulty branch is correctly identified

divided by the total number of times a fault occurs.

4.6.3. Fault location

Since the location of the fault is provided as the distance
of that location from the beginning of the branch, the ac-
curacy of the method is evaluated in terms of standard
fault distance estimation error [78]:

_ |destimation — dactua1| . 100

(8)

distance error(%) ;
total

where destimation and dactual respectively represent the pre-
dicted and the real distances, and l;o,) is the total length
of the branch.

4.7. Objectives of the study and experiments definition

In order to evaluate the robustness and accuracy of the
method against all the different effects acting on the grid,
seven different individual experiments are performed. In
particular, the accuracy of the method and its variation
are analyzed for different: a) depths of the DNN model, b)
voltage measurements, c) resistance values, d) fault types,
e) load demands, f) fault location, g) number of measure-
ments, and h) dataset sizes.

4.7.1. Effect of DNN depth

One of the premises of using a DL model is the fact
that deep models can generalize better and lead to more
accurate predictions. Thus, as a first experiment, it is nec-
essary to validate that claim by analyzing the dependence
of the accuracy with the DNN depth.

To analyze the accuracy of detecting faulty feeders, a
dataset is built comprising the 65000 datapoints represent-
ing healthy operation and 65000 datapoints representing
faults (the latter are randomly sampled from the larger
dataset comprising 663552 datapoints). For identifying
the branch and locating the fault, the full dataset with
663552 datapoints is employed. In all three cases, as de-
fined in Section 3.3.3, the dataset is split into training,
validation, and test datasets.

4.7.2. Effect of voltage measurement type

A common practice in the literature is to use positive,
negative and zero voltage components instead of the phase
voltages. In unbalanced operation, where negative and/or
zero sequence components of the voltage and current might
be present, the use of symmetrical components ensures
that no information is lost. In this experiment, to validate
this claim, the effect in accuracy of using the two types of



voltage measurements (symmetrical components vs. phase
measurements) is assessed.

The datasets used are the same as the ones defined in
Section 4.7.1 for studying the effect of the DNN depth. As
for the DNN depth, considering the results of the previous
experiment, the current experiment is performed using a
DNN with optimal depth, i.e. 3 hidden layers for branch
identification and 4 hidden layers for fault location.

4.7.8. Effect of fault resistance value

As motivated in the introduction, while methods in the
literature focus on low-impedance faults, high-impedance
faults are harder to locate. More specifically, this difficulty
derives from the fact that with an increase of the fault
resistance, the amplitude of the currents flowing though
the faulty branch is severely decreased. Those very small
currents will in their turn decrease the voltage drop across
the faulty branch, bringing the voltages to a level very close
to that of normal operating conditions. To validate the
importance of studying high-impedance faults and to show
the relevance of the proposed method, the dependence of
the accuracy with the fault resistance value is studied.

The datasets used are the same as for the other two ex-
periments. However, to compare the dependence of the ac-
curacy with regards to fault resistance, the datapoints are
grouped based on their fault resistance value. In particu-
lar, as the fault resistances are sampled from a logarithmic
uniform distribution, they are grouped into six datasets
according to the following fault resistance intervals:
[0.1,1),[1, 10), [10, 50), [50, 100), [100, 500), [500, 1000).

For the DNN depth, 3 and 4 hidden layers are once again
considered. For the type of voltage measurements, consid-
ering the results of the previous experiment, the positive,
negative and zero voltage components are selected.

4.7.4. Effect of type of fault

The effects and characteristics of a fault do not only de-
pend on the resistance value of the fault, but also on the
type of the fault itself. Balanced and unbalanced faults can
have different effects on the grid voltage, especially in the
negative and zero sequence components where deviations
from the normal operating conditions will be noticeable
under unbalanced faults (single-phase-to-ground faults in
this case) [79]. Therefore, to study the accuracy and ro-
bustness of the method, its performance across the four
considered fault types is compared (see Section 4.4 for de-
tails).

The dataset is again the same as for the first two ex-
periments. However, the datapoints are grouped based on
the fault type. For the DNN depth and voltage measure-
ments, again 3 and 4 hidden layers and positive, negative
and zero voltage components are considered.

4.7.5. Effect of load demand

A fifth factor that impacts the effects and characteris-
tics of a fault is the level of the grid load. As mentioned
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before (see Section 4.4 for details), the grid load depends
on the statistical behavior of consumers, which is a func-
tion of the hour of the day and the simultaneity factor.
The higher the load demand, the higher the regular volt-
age drop (under normal operation) will be across a branch
[80]; this makes the voltage profile between normal oper-
ation during high load demand and faulty operation for
high-impedance faults (low voltage drop during a fault)
very similar, and in turn the fault diagnosis process more
difficult.

It is important to note that this study focuses on the
analysis of the load but not the generation because the
load is the dominant factor. Particularly, being an inverter
controlled source, the contribution of the PV units to the
fault current is expected to be limited (the current is lim-
ited at 1.1 to 1.4 p.u. of normal operation during a fault)
[79]. Consequently, the effect of an increased load demand
is expected to dominate over that of increased penetration
of PVs.

As the load depends on the simultaneity factor, the same
dataset as before is used but with the datapoints grouped
based on the three simultaneity factors, i.e. 0.3, 0.5 and
0.8. For the DNN depth and voltage measurements, again
3 and 4 hidden layers and positive, negative and zero volt-
age components are considered.

4.7.6. Effect of fault location

Another influencing factor that is identified in this
study, is the location of the fault. Particularly, the fault
depends on the branch itself and the distance within the
branch. In detail, since the grid is heterogeneous (see Sec-
tion 4.1), the longer a branch is the higher the number
of different conductors connecting the nodes are; this in
turn increases the heterogeneity of the grid and hinders
the fault location process. At the same time, nodes fur-
ther away from the beginning of the feeder will experience
higher voltage drops than those located at the beginning
[80]; thus, the location of the fault within the faulty branch
itself is also influencing the accuracy of the method. For
both cases, emphasis is given in the fault distance esti-
mation task as it is more complex and vulnerable against
these parameters.

In terms of the dataset, the full dataset is considered.
For the DNN depth and voltage measurements, 4 hidden
layers and positive, negative and zero voltage components
are considered.

4.7.7. Effect of number of measurements

One of the main advantages of the method is that it
can perform accurately even when the grid information is
limited. To assess this claim and to show that the method
can indeed perform well under the assumption of limited
information, the accuracy of the method is tested when
the only measurements available are at the beginning and
at the end of each branch. Then, the performance is com-
pared with the case of having voltage data at all interme-
diate nodes. As before, for the DNN depth and voltage



measurements 3 and 4 hidden layers, and positive, nega-
tive and zero voltage components are considered.

4.7.8. Effect of dataset size

A potential argument against the proposed method is
the fact that it might require large amounts of data. Par-
ticularly, as it is based on a DNN; it could be argued that
the model is only accurate if it is estimated using a large
dataset.

To refute this claim and to show that the method is ac-
curate even for small dataset sizes, the method accuracy
is also studied as a function of the amount of available
data. In detail, the same large dataset is considered as for
the previous experiment; then, a test dataset of 30000 sce-
narios is randomly sampled using an uniform distribution.
From the remaining datapoints not included in the test
dataset, another uniform random sampling is performed
to build subsets of different sizes. Finally, the performance
of the method is evaluated across these datasets of differ-
ent sizes: the DNN is trained with these differently-sized
datasets and all models are evaluated using the defined
test dataset. As before, for the DNN depth and voltage
measurements 3 and 4 hidden layers and positive, negative
and zero voltage components are considered.

4.8. Case study limitations

Five potential limitations of the case study are being
addressed here. These limitations concern: the type of
studied faults, the line charging current phenomenon, the
earthing system of the grid, the use of flexible alternating
current transmission system devices and the source of the
data.

First of all, with regards to the studied faults, since
the DNN is trained for short-circuit single-phase-to-ground
and three-phase faults the presence of another type of fault
(double-phase-to-ground or phase-to-phase) may affect the
fault location method but not the fault detection one, as
will be explained in the next section. In the case of arc
faults a re-training of the DNN is required.

Secondly, in the simulation model, line charging cur-
rents, a phenomenon that depends on two parameters: a)
the line length (the phenomenon starts having an impact
after several kms) and b) the line capacitance, are com-
pletely negligible in low-voltage distribution grids. More
specifically, in this simulation model, the two reasons that
render this phenomenon negligible are: a) the fact that the
maximum length of a branch is 640 m and b) as in all low-
voltage distribution grids, in this case too, the distribution
lines present a mainly resistive nature (R/X > 1) thus
limiting the effect of the line capacitance on the charging
currents.

Additionally, it is important to note that, without loss
of generality and for the sake of simplicity, the case study
is based on the most popular earthing strategy for LV dis-
tribution grids: the solidly grounded neutral, in this case,
through a 40 2 resistance. However, this does not mean
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that the proposed method is limited to this type of earth-
ing system. As the method is generalizable, a new earthing
type would only require a model re-estimation so that the
model becomes tailored to the new earthing type.

Furthermore, in the considered grid model, the instal-
lation of flexible alternating current transmission system
devices is not taken into account as it can prove a very
expensive solution for low-voltage grids. The presence of
such devices serves at improving the power quality and will
mitigate the amplitude of the produced voltage sag during
a fault. However, since the method is able to detect with
100 % accuracy even very high impedance faults, in terms
of fault detection, its accuracy will not be affected. Sim-
ilarly for the distance estimation of low-impedance faults
where the effect of such devices will be more visible, as
long as this effect is considered in the modeling of the sys-
tem and the training phase of the DNN it is not expected
to affect significantly the accuracy of the algorithm.

Finally, as stated before, the last limitation of this case
study is that the method was evaluated on data acquired
from simulations based on a real distribution grid of Por-
tugal and not on data from field tests.

5. Results and discussion

To analyze and discuss the results, the eight different
experiments are presented individually. However, as the
dependence of the accuracy with regards to the voltage
type and fault type did not produce very interesting re-
sults, the analysis of these two experiments is presented
in Appendix A and Appendix B. In addition, for the
sake of simplicity, the individual results of each experi-
ments are not listed in full detail but instead summarized
and explained briefly. Nonetheless, for the sake of comple-
tion, the complete results of all experiments are included
in Appendix C.

It is important to note that for each experiment the
accuracy of the method is analyzed individually for two
of the tasks that it addresses: branch identification and
fault location. For the other task, i.e. fault detection, the
results are summarized in a single section as the accuracy
of the method for detecting faults does not vary across the
experiments.

5.1. Fault detection

As mentioned before, the results for fault detection are
not individually presented for each experiment since the
accuracy of the method for detecting faults does not vary
across experiments.

In detail, independently of the number of layers, the
method achieved an 100 % accuracy in detecting the fault
occurrence and identifying the feeder under fault. This
result is also observed across all fault resistance values,
simultaneity factors, fault locations, number of measure-
ments, and dataset sizes. When compared with the accu-
racy for the other two tasks, this result might seem sur-
prising. However, it is not so: when a fault occurs in a



feeder, all the branches of the feeder get disturbed. The
voltage deviations across the branches of the faulty feeder
and the current increase in the beginning of the faulty
feeder provide the DNN with sufficient information to dis-
tinguish faulty from normal operation and to identify the
faulty feeder from the healthy ones.

5.2. Effect of DNN depth

The first experiment to be discussed involves the method
accuracy as a function of the DNN depth. Figure 7 sum-
marizes the results of this experiment for both branch iden-
tification and fault location. For both tasks, it can be ob-
served how the accuracy improves as the number of layers
increases and then it plateaus when it reaches a certain
depth?. This plateau, i.e. the optimal depth, is reached at
3 and 4 hidden layers for branch identification and fault
location, respectively.
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Figure 7: Branch identification accuracy and fault location error for
different number of layers.

These results validate the premise that using a DL model
is very important as it can generalize better and lead to
more accurate predictions. In particular, it can be clearly
observed how shallow networks, i.e. with 1-2 hidden layers,
are not accurate enough and how deep models are needed
in order to fully capture the fault dynamics in the LV grid.

Another interesting result (not displayed here but listed
in Appendix C) is that the depth becomes more important
for higher values of fault resistance. Particularly, deeper
neural networks are much more accurate at locating high-
impedance faults than shallow networks: e.g., while the
difference in branch identification accuracy between 1 and
3 hidden layers is only 0.17 % for fault resistances between
0.1 and 19, this difference reaches a maximum of 7.33 %
for fault resistances between 10 and 50¢). However, for
extra high fault resistance values, i.e. fault resistances be-
tween 500 and 1000 €2, though still deeper networks are

2Note that the curves shapes are inverted as one metric represents
the accuracy and the other the error.
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significantly better (the difference between 1 and 3 layers
is 3.77%), the accuracy increase they offer is less signifi-
cant compared to high fault resistance values (i.e. 10-500
Q). This can in principle be expected as higher fault re-
sistances represent cases where it is more difficult to draw
conclusions of whether a branch is under fault and to esti-
mate the location of the fault. In the extreme case of extra
high fault resistance values (between 500 and 1000 2) even
deeper networks have a harder time locating faults thus
making the improvement less significant compared to high
fault resistance values (i.e. 10-500 ).

5.8. Effect of fault resistance value

As a second experiment, the accuracy dependence w.r.t.
to fault resistance is analyzed. Figure 8 displays the re-
sults of this experiment for both branch identification and
fault location. As can be observed, the larger the fault
resistance, the lower the accuracy when identifying faulty
branches and locating faults.

—— Branch identification —@- Distance estimation

100 q

g osof 180 =
g £
< -
= 60F {60 g
Q =i
S 40+ {40 Z
e :
g 20¢ o -e--—"2 %
E o---"%" A
) R

() 1 1 1 1 ()

N O \) O ) N

M > o A0 N 0N

Q S N @ G \%@}

Fault resistance (§2)

Figure 8: Branch identification accuracy and fault location error for
different fault resistance values using 3 and 4 hidden layers respec-
tively.

The first thing to note is that the proposed method is
highly accurate. Particularly, even for high fault resistance
values, the accuracy is reasonably high: the method identi-
fies faulty branches with an accuracy between 95 and 70 %,
and estimates the fault location with an error between 5
and 20 %.

These results validate the importance of developing
methods for high-impedance faults. Particularly, while
large resistance values are obviously harder to predict, the
literature is limited to methods for low fault resistance
values.

5.4. Effect of load demand

For the third experiment, the effect of the load demand
is analyzed. Figure 9 shows the results of this experiment
for the branch identification task. As expected, a decrease
of the branch identification accuracy with an increase of
the simultaneity factor, i.e. an increase in the grid load, can



be observed. This decrease is noticed across all the fault
resistance values with the difference between an SF = 0.3
and SF = 0.8 ranging from 3.8 to 13.2%.
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Figure 9: Branch identification accuracy for different simultaneity
factor values using 3 hidden layers.

Similarly, the results for the distance estimation task are
presented in Fig. 10. In this case, to show the dominance of
the load over the generation, the method estimation error
is not only plotted against the different values of simul-
taneity factor, but also against the hours of the day and
the considered generation and load profiles. Regarding the
hour of the day, three regions of load and generation com-
binations can be identified: low demand and generation -
region (I); medium demand and high generation - region
(IT); high demand and low generation - region (III).

The first observation that can be made is that, as with
the branch identification task, the accuracy of the method
decreases with an increase of the simultaneity factor. In
addition, the dominance of the load over the PV generation
on the accuracy of the method is evident as all error esti-
mation curves follow the trend of the load profile curve. In
other words, the distance estimation error increases with
an increase of the load demand but not with an increase
of the generation.

These result are expected as with an increase of the ac-
tivated loads in the grid, i.e. higher simultaneity factor,
voltage drops across the branches during healthy oper-
ation will be more significant, thus bringing faulty and
normal operation voltage values closer together. As a con-
sequence, it becomes harder to identify a faulty from a
healthy branch and locate a fault.

5.5. Effect of fault location

For the fourth experiment, the effect of the location of
the fault in terms of the faulty branch and the distance
within the faulty branch itself are presented. For the sake
of simplicity, the focus is put on the fault distance esti-
mation task as it is more complex and vulnerable against
these parameters.

Figure 11 shows the results in terms of the estimation
error as a function of the branch and the fault resistance.
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Figure 10: Distance estimation error for different simultaneity factor
values throughout the day using 4 hidden layers. The main gener-
ation (dashed purple line) and load profiles (solid purple line) are
provided in the secondary y axis. Three distinct regions (I, II and
ITI) of different performance are marked. The dominant effect of the
load demand over the PV generation is shown as the SF curves follow
the trend of the load curve and not so much that of generation.

Branches are sorted in an ascending order with lengths
ranging from 185 to 640m. To give a different notion of
the accuracy of the method, the distance estimation results
are provided in meters instead of percentages. From these
results, two important observations can be made: a) as
expected, the fault distance estimation error increases with
increasing branch length; b) this effect gets amplified with
the increase of the fault resistance. This can be further
observed from the maximum and minimum errors, which
respectively occur at the longest branch with the largest
fault resistance values and shortest branch with smaller
fault resistance values.
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Figure 11: Distance estimation error for different types of branches
and fault resistance values using 4 hidden layers. Branches are sorted
in an ascending order in terms of length.

Figure 12 presents the estimation error as a function of
the fault location within the branch and the grid load. As



before, two observations can be made: a) as expected, the
error increases as the fault gets located towards the end of
the branch; b) this effect gets amplified with the increase of
the activated loads in the grid which will increase the volt-
age drop across the branch. This can be further observed
from the maximum and minimum errors: the minimum
error is 5.68 % and occurs for faults in the beginning of
the branch with SF = 0.3; similarly, the maximum error
is 17.26 % and occurs for faults at the end of the branch
with SF = 0.8.

The complexity of the LV grid compared to MV dis-
tribution grids or even transmission grids is evident, as
mentioned in the motivation. The increased heterogene-
ity and imbalance that the LV grids present, hinder the
fault location methods. However, even under the worst
conditions the developed DL method yields a very good
accuracy in locating the fault.
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Figure 12: Distance estimation accuracy for different locations of the
fault within a branch.

5.6. Effect of number of measurements

One of the key properties of the proposed method is
that it can accurately locate faults even when the senso-
rial data along the grid are limited. To test this hypothe-
sis, the accuracy of the method is evaluated assuming that
sensors are only available at the beginning of each branch
(one common voltage measurement for all branches at the
substation level) and at the end of each branch (one volt-
age measurement at the terminal node of each branch).
Figures 13 and 14 respectively display the results of this
experiment for branch identification and fault location.

As can be observed, even when the number of sensors
is limited, the average decrease in branch identification
accuracy is just 4.6 % and the average increase in fault
location error is just 4.4 %. Considering that the accuracy
variations when varying fault resistances are larger, it can
be argued that these changes in accuracy are very minor.
Therefore, these results show that the proposed method
does indeed accurately locate faults even when the number
of sensors is limited.
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Figure 13: Branch identification accuracy for less available measure-
ments using 3 hidden layers.
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Figure 14: Distance estimation error for less available measurements
using 4 hidden layers.

5.7. Effect of dataset size

As a last experiment, the accuracy of the method with
regards to the dataset size is analyzed. Figure 15 displays
the results of this experiment for both branch identification
and fault location.

As it could be expected, the lower the dataset size, the
lower the accuracy. Yet, the difference is not as large as
one might expect: even when reducing the size of the train-
ing dataset by a factor of 100 (from 300000 to 3000 data-
points), the average branch accuracy is still 73% and the
fault location error is 13 %.

Considering the accuracy of other methods from the lit-
erature (see Section 6), and considering that the small-
est training dataset test is 10 times smaller than the test
dataset (30000 datapoints), it is clear that the method
performs reasonably well even when the amount of data is
small.

These results are very important as they refute the
most important argument against the proposed method,
namely, that the method might be inaccurate for small



dataset sizes as it is based on a DNN.
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Figure 15: Branch identification accuracy and distance estimation
error for different dataset sizes using 3 and 4 hidden layers respec-
tively.

5.8. Further case studies

It could be argued that using more that one case study is
necessary to claim that the method is generalizable. How-
ever, the generalizable property of the method is defined
due to the type of inputs that it requires, i.e. inputs that
are non-grid specific and that can be obtained from any
grid. In this context, while the accuracy of the method
might depend on the case study, the generalizability of
the method does not.

This is not to say that further case studies are not useful.
Particularly, it would be useful to compare the accuracy
of the method in different applications to study how the
accuracy varies for different grids. However, such compar-
ison is out of the scope of this paper as it requires new
grid simulators, data that we do not have, and an analysis
of the influence in the accuracy of each grid characteristic
that would go beyond the current scope.

6. Comparison with literature methods

As a final comparison, the accuracy of the proposed
method is analyzed and compared against other methods
from the literature. It is important to note that, since the
method is able to detect a fault occurrence with 100 % ac-
curacy, no comparative analysis is performed for this task.
Instead, the comparative analysis is divided into two parts:
one for faulty branch identification and the other for fault
location estimation. The objective of this study is not only
to provide a comparative analysis of the method perfor-
mance, but to also identify the differences and limitations
in the case studies from literature.

It is important to note that, since the case studies are
different, the accuracy differences between the methods
cannot be strictly measured and this comparison is purely
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qualitative. In addition, most of the methods from the lit-
erature are proposed for the MV grid case, which obviously
differs significantly from the LV case.

6.1. Branch identification

Two methods designed for MV grids [51, 81] and one [33]
for LV grids are employed to compare the branch identifi-
cation accuracy of the proposed method.

The first method [51] proposes a general faulty branch
identification approach based on synchronized voltage and
current measurements at the point of common coupling
of the distributed generators. The second method [81] is
based on phase measurement unit real-time state estima-
tion and is able to identify the faulted lines of a distri-
bution grid. Finally, the third method [33] compares the
minimum voltage within each branch of the faulty feeder
and considers as faulty, the branch with the highest volt-
age drop.

Figure 16 presents the comparative analysis of the four
branch identification methods mentioned above: the pro-
posed DL method, the conventional method for LV grids,
and the methods for the MV grid case. The first obvi-
ous observation from Fig. 16 is that the proposed method
outperforms the conventional method by an average of
14.56 %, effect that is even more visible for higher fault re-
sistance values. At the same time, the DL method presents
on average better accuracy than the minimum threshold
of [51] and performs slightly worse than [81]. Yet, even
with these similar accuracies, it can be argued that the
proposed method is better than the MV methods as: a)
the MV methods from the literature are only studied for a
limited number of fault resistance values; b) the compar-
ison with methods from the MV grid case is not exactly
fair as the MV case is arguably less complex.
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Figure 16: Average branch identification accuracy for different fault
resistance values, 3 hidden layers and an SF = 0.5. The results
are compared with the LV conventional method and with two MV
methods.

To provide a more thorough comparison, the differences
between the case studies are presented in Table 3. From



Table 3, the superiority of the case study of this paper
in terms of considered influencing parameters (e.g. fault
resistance, fault locations and measurement noise) and the
number of the total considered fault scenarios is evident.

6.2. Distance estimation

As with the branch identification task, two methods de-
signed for MV distribution grids [18, 48] and one conven-
tional one for LV grids [33] are employed to compare the
fault location error of the proposed method.

In [18], neural networks in combination with a support
vector machine method are used to create two fault lo-
cation schemes. In [48], a single-end impedance-based
method based on time-domain formulation is proposed.
Finally, [33] proposes a graphic method based on the ex-
tracted voltage profile.

The results of this comparative analysis are gathered in
Fig. 17. To have a fair comparison, the error metrics are
displayed in terms of meters and not percentual errors as
the lines in MV grids are orders of magnitude longer than
those of LV grids. Particularly, long lines would increase
the denominator of (8) and reduce the percentage error,
which in turn would lead to deceiving results. The first
conclusion that can be drawn from Fig. 17 is that the pro-
posed DL method outperforms the conventional method
by an average of 59.29 m. Additionally, not only does the
proposed method perform better than a conventional LV
method, but it also outperforms both MV methods.
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Figure 17: Average distance estimation error for different fault re-
sistance values, 4 hidden layers and an SF = 0.5. The results are
compared with the LV conventional method and with two MV meth-
ods.

To provide a better comparison, the differences between
the case studies are presented in Table 4 where the superi-
ority of the case study of this paper in terms of considered
influencing parameters (e.g. fault resistance, fault loca-
tions and measurement noise) and the number of the total
considered fault scenarios is demonstrated once again.
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7. Conclusions

In this paper, a method based on deep neural networks
(DNNs) has been proposed as a solution to detect and lo-
cate faults in low-voltage (LV') smart distribution grids.
The method improves upon the existing literature by ad-
dressing four limitations of existing methods: a) not being
limited by the grid topology but instead being generaliz-
able to other grid structures; b) being the first method
to accurately detect and localize high-impedance faults in
the LV distribution grid; c) being able to accurately de-
tect and localize faults even when data and the number of
sensors are limited; d) being able to perform not one but
three different identification tasks: detect a fault occur-
rence and simultaneously identify a faulty feeder, identify
a faulty branch, and locate the position of the fault.

To test the accuracy of the method and to study its main
properties, a LV distribution grid in Portugal has been
considered. Moreover, to evaluate the robustness of the
method, its accuracy has been measured against different
effects: a) depth of the DNN model, b) voltage measure-
ments, c¢) fault resistance values, d) fault types, e) load
demand, f) fault location, g) number of measurements,
and h) dataset sizes.

Using the experimental results, it is shown that the pro-
posed method excels in detecting and locating faults as
it can detect a faulty feeder with a 100 % accuracy, iden-
tify a faulty branch with a 84 % average accuracy, and
estimate the actual fault location within a branch with a
average error of 12%. In addition, the method accuracy is
compared against other literature methods and it is shown
that the proposed method can obtain a similar or better
performance than state-of-the-art approaches.

Based on the several simulation experiments the main
properties of the method are demonstrated: a) the method
is accurate even when the number of sensors is limited as
even in the extreme case of having only two available mea-
surements per branch the method accuracy is decreased by
only 4-5%; b) the method accurately estimates the loca-
tion of high-impedance faults; ¢) the method can be used
even when the available datasets are small. As a final re-
sult, the importance of deep models is demonstrated by
showing how the depth of the DNN plays a significant role
in obtaining accurate results.

As future research, the case study will be expanded to
the case of double-phase-to-ground faults and phase-to-
phase faults. Moreover, the method will be tested against
different grid topologies.
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Table 3: Comparison of case studies for branch identification methods.

Brahma [51]

Pignati [81]

This case study

Grid

Fault types

Fault resistance ()
Fault location within

the sector

Measurements, inputs

Noise in measurements

12.4 kV (MV), US.A.

1ph-G, 2ph-G, ph-ph, 3ph

1-5 (ph-ph, 3ph), 1-50
(1ph-G, 2ph-G)

0.05, 0.5, 0.95

synchronized I,V at the
point of common coupling
of DG

10 kV (MV), The
Netherlands

1ph-G, 2ph-G, 3ph

1, 100, 1000

0.25, 0.5

1,V from phase
measurement units on
every node

0.016 % for voltage, 1.2 %
for current

400 V (LV), Portugal

1ph-G, 3ph

0.1-1000 (63772 different
values)

9 locations within each
sector

RMS I at the beginning of
the feeder, RMS V at
every node

1%

Parameters

Table 4: Comparison of case studies for fault location methods.

Thukaram [18]

Aslan [50]

This case study

Grid

Fault types

Fault resistance ()

Fault location

Measurements, inputs

Noise in measurements

11 kV (MV), 52-bus
distribution system

1ph-G, 2ph-G, ph-ph, 3ph

50, 60, 70, 80, 90, 100

0.2, 0.5, 0.8 (within each
branch)

I,V at substation and
statuses of circuit
breakers, relays

34.5 kV (MV), simplified
distribution feeder

1ph-G, 2ph-G, ph-ph, 3ph

2, 5, 10, 15, 20, 30, 40, 50,
60, 80, 100

every 2.5km (total length
of 40 km)

1,V at one end of the line

400 V (LV), Portugal

1ph-G, 3ph

0.1-1000 (63772 different
values)

288 locations (9 within
each sector)

rms [ at the beginning of
the feeder, rms V' at every
node

1%

for providing us with the available data of a real semi-rural
LV distribution grid of Portugal.
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Appendix A. Effect of voltage measurement type

In this section, the accuracy dependence with regards
to the type of voltage measurements is analyzed. Fig-
ure A.18 displays the results of this experiment for branch
identification and fault location. As can be observed, using
positive, negative and zero voltage components instead of
the more standard phase voltages leads to a more accurate
identification of faulty branches and location of faults.

It is important to note that, while the difference in ac-
curacy between the two types of measurements is minor,
these results do validate the proposed hypothesis. Namely,
that the use of symmetrical components ensures that no
information is lost during unbalanced operation, and that
as a result more accurate results can be obtained.

Appendix B. Effect of type of fault

In this section, the accuracy dependence with regards
to the type of fault is analyzed. Figure B.19 displays the
results of this experiment for both branch identification
and fault location. As can be observed, for single-phase-
to-ground faults the accuracy is independent of the under-
lying faulty phase. However, three-phase faults are easier
to locate as their effect on the grid is more severe.
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Figure A.18: Average branch identification accuracy and fault lo-
cation error for different voltage measurement types using 3 and 4
hidden layers respectively.
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Figure B.19: Average branch identification accuracy and fault lo-
cation error for different fault types using 3 and 4 hidden layers
respectively.

While this result might seem surprising (one might ex-
pect the accuracy to depend on the type of fault), it simply
validates the robustness of the proposed method. Particu-
larly, the proposed method is able to accurately identity all
faults independently of the underlying cause for the fault.
This also proves that the method is immune to the unbal-
anced per phase distribution of loads and PVs as they do
not seem to affect the results of the single-phase-to-ground
faults.

Appendix C. All experimental results

In this Appendix, we provide a comprehensive list of the
obtained results. In detail:

e Tables C.5 and C.6 respectively represent the depen-
dency of the branch identification accuracy and the
distance estimation error w.r.t. the DNN depth.
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Tables C.7 and C.8 respectively represent the depen-
dency of the branch identification accuracy and the
distance estimation error w.r.t. the voltage measure-
ment type.

Tables C.9 and C.10 respectively represent the depen-
dency of the branch identification accuracy and the
distance estimation error w.r.t. the fault resistance
and the grid load.

Tables C.11 and C.12 respectively represent the de-
pendency of the branch identification accuracy and
the distance estimation error w.r.t. the fault type and
the grid load.

Tables C.13 and C.14 respectively represent the de-
pendency of the branch identification accuracy and
the distance estimation error w.r.t. limiting the num-
ber of sensors in the grid to the minimum.

Tables C.15 and C.16 respectively represent the de-
pendency of the branch identification accuracy and
the distance estimation error w.r.t. the size of the
training dataset.

Finally, Tables C.18 and C.17 list the dependency
of the distance estimation error w.r.t. to the fault
location. Particularly, Table C.17 depicts the de-
pendency w.r.t. the normalized fault location within
a branch and Table C.18 the dependency w.r.t. the
faulty branch.
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Table C.5: Effect of number of layers on the branch identification accuracy. The metric is computed as the average across all simultaneity
factors with the use of symmetrical components as measurement tool.

Branch identification accuracy (%)

Fault Number of layers Difference
resistance 1 2 3 4 5 6 7 L3-L1
[0.1, 1] 95.73 95.07 95.90 95.83 96.17 95.87 96.03 0.17

[1, 10) 92.23 93.17 94.13 94.37 94.50 93.77 94.30 1.90
(10, 50) 83.30 87.43 88.47 88.10 87.47 87.83 87.10 5.17
(10, 50) 73.87 80.63 81.20 81.30 80.07 81.37 81.10 7.33
[100, 500) 68.07 72.60 74.20 74.13 73.00 74.00 73.37 6.13
(500, 1000] 63.20 65.33 66.97 67.57 65.10 67.97 66.53 3.77
Average 79.40 82.37 83.48 83.55 82.72 83.47 83.07 4.08

Table C.6: Effect of number of layers on the fault distance estimation error. The metric is computed as the average across all simultaneity
factors with the use of symmetrical components as measurement tool.

Distance estimation error (%)

Fault Number of layers Difference
resistance 1 2 3 4 5 6 7 L1-L4
(0.1, 1] 7.51 6.13 4.45 4.38 4.23 3.95 3.68 3.13

[1, 10) 10.26 7.99 6.11 5.73 5.54 5.56 5.22 4.53
[10, 50) 15.51 11.74 9.85 9.21 9.38 9.92 9.38 6.30
[10, 50) 20.16 15.56 13.72 13.49 14.23 14.25 13.95 6.67
[100, 500) 23.43 19.07 17.67 17.16 18.12 18.17 17.41 6.27
[500, 1000] 25.95 22.50 21.20 20.90 21.79 21.27 20.51 5.05
Average 17.14 13.83 12.17 11.81 12.22 12.19 11.69 5.33
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Table C.9: Effect of the fault resistance and the load demand on
the branch identification accuracy. The metric is computed as the
average accuracy for 3 hidden layers and symmetrical components as
measurement tool.

Table C.7: Effect of the voltage type on the branch identification
accuracy. The metric is computed as the average accuracy for 3
hidden layers and an SF = 0.5.

Fault Identification accuracy (%) Identification accuracy (%)
Resistance Phase Symmetrical Fault SF

(0.1, 1] 91.6 96.7 resistance 0.3 0.5 0.8 Avg

[1, 10) 89.9 945 [0.1,1] 97.4 96.7 93.6 95.9

[10, 50) 83.8 06 [1,10) 97.5 94.5 90.4 94.1
[50, 100) el 83.0 [10,50)  94.0 90.6 80.8 88.5
[100, 500) 707 7.3 50,100)  86.3 83.0 74.3 81.2
[500, 1000] 65.6 67.7 [100,500)  78.7 75.3 68.6 74.2

Average 79.78 83.90 [500,1000]  72.3 67.7 60.9 67.0

Table C.10: Effect of the fault resistance and the load demand on
the distance estimation error. The metric is computed as the average
error for 4 hidden layers and symmetrical components as measure-

Table C.8: Effect of the voltage type on the distance estimation error.
The metric is computed as the average error for 4 hidden layers and
an SF = 0.5.

ment tool.

Fault Estimation Error (%) Estimation error (%)
Resistance Phase Symmetrical Fault SF

[0.1, 1] 8.01 4.15 resistance 0.3 0.5 0.8 Avg

[1, 10) 9.86 5.76 [0.1,1] 2.41 4.15 6.58 4.38

[10, 50) 13.09 9.04 [1,10) 2.55 5.76 8.87 5.73
[50, 100) 18.02 13.77 [10,50)  5.19 9.04 13.39 9.21
[100, 500) 20.38 17.53 [50,100) 1016  13.77 1655  13.49
[500, 1000] 21.58 2145 [100,500) 14.23 1753 1971  17.16

Average 79.78 83.90 [500,1000] 19.03 2145 2223 20.90
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Table C.13: Effect of limiting the number of sensors on the branch
identification accuracy. The metric is computed as the average accu-
Table C.11: Effect of the type of fault and load demand on the racy for 3 hidden layers, an SF = 0.5 and symmetrical components
branch identification accuracy. The metric is computed as the av- as measurement tool.
erage accuracy for 3 hidden layers and symmetrical components as
measurement tool.

Fault Identification accuracy (%)
Identification accuracy (%) Resistance All sensors Limited sensors
Fault SF 0.1, 1] 96.7 94.4
type 0.3 0.5 0.8 Avg 1, 10) 94.5 89.9
AG 89.8 86.8 81.3 86.0 110, 50) 90.6 83.2
BG 89.9 85.8 80.0 85.2 50, 100) 83.0 76.7
ca 89.5 87.1 80.8 85.8 1100, 500) 5 3 71.3
ABC 94.1 92.3 87.1 91.2 1500, 1000] 677 64.8
Average 84.6 80.1

Table C.14: Effect of limiting the number of sensors on the distance

Table C.12: Effect of the type of fault and load demand on the dis- estimation error. The metric is computed as the average error for
tance estimation error. The metric is computed as the average error 4 hidden layers, an SF = 0.5 and symmetrical components as mea-
for 4 hidden layers and symmetrical components as measurement surement tool.
tool.
. . Fault Estimation error (%)
Estimation error (%)
Resistance All sensors Limited sensors
Fault SF
[0.17 1] 4.15 8.72
type 0.3 0.5 0.8 Avg
[1, 10) 5.76 12.52
AG 9.75 7.17 13.02 9.98 [10, 50) 9.04 16.08
BG 10.36 7.25 1345  10.35 [50, 100) 13.77 18.60
ca 11.28 7.61 1336 10.75 [100, 500) 17.53 20.73
ABC 7.98 5.14 10.21 7.78 [500, 1000] 2145 21.28
Average 11.95 16.32
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Table C.15: Effect of the size of the training dataset on the branch
identification accuracy.The metric is computed as the average accu-
racy for 3 hidden layers, an SF = 0.5 and symmetrical components
as measurement tool.

Number of training Branch identification
datapoints accuracy (%)
3184 72.9
7961 77.4
15922 82.6
31845 87.2
47767 88.6
79612 91.3
Table C.17: Effect of the normalized fault location within a branch
95535 92.1 on the distance estimation error. This metric is computed indepen-
159225 94.6 dently for each fault resistance interval as the average error across
: all simultaneity factors, for 4 hidden layers and with symmetrical
238838 95.9 components as measurement tool.
318451 95.2 Estimation error (%)
Fault SF
type 0.3 0.5 0.8 Avg
[0, 0.2) 5.69 10.04 13.17 9.63
Table C.16: Effect of the size of the training dataset on the distance [02, 0-4) 5.95 7.96 8.67 7.53
estimation error.The metric is computed as the average error for 4
hidden layers, an SF = 0.5 and symmetrical components as measure- [0’4’ 0'6) 6.76 8.28 10.11 8.38
ment tool.
[0.6, 0.8) 7.42 10.23 13.87 10.51
Number of trainin Distance estimation
datapoints g error (%) (0.8, 1] 9.37 12.33 17.28 12.99
3518 13.99
7037 10.04
14074 9.02
21112 7.09
35186 6.01
42224 5.46
70373 5.01
105560 5.63
140747 4.45
318451 4.79
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Table C.18: Effect of the fault location in terms of the faulty branch on the distance estimation error. This metric is computed independently
for each fault resistance interval as the average error across all simultaneity factors, for 4 hidden layers and with symmetrical components as
measurement tool.

Distance estimation error (m)

Faulty Branch Fault resistance

branch  length (m) [0.1, 1] [1, 10) [10, 50) [50, 100) [100, 500)  [500,1000] Avg
2 185 6.62 12.62 22.54 35.65 41.61 43.31 27.06
7 285 9.99 13.27 21.44 30.06 38.43 48.80 27.00
3 290 15.23 21.04 32.23 43.05 51.87 55.60 36.50
1 330 12.55 19.15 32.22 55.29 65.13 80.77 44.19
4 340 15.19 19.21 29.50 52.99 65.05 81.92 43.98
8 390 16.25 20.99 30.28 43.56 47.23 54.43 35.46
6 455 18.54 25.34 38.12 44.61 79.89 106.35 52.14
5 470 20.79 25.14 42.06 70.67 85.97 107.54 58.70
9 640 26.48 37.85 53.63 78.29 108.37 137.07 73.62
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