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Abstract—Machine learning-based approaches for fault
diagnosis on transmission lines have attracted increasing
attention in recent years, yet concerns over their robust-
ness and explainability hamper their practical applications.
Moreover, separate algorithms are normally used to solve
the fault classification and location tasks. In this work, we
focus on these tasks and propose an integrated model
based on the convolutional neural network, whose im-
proved performance over separate models is demonstrated
by numerical results. Besides, explainability of the pro-
posed model is demonstrated and analyzed. Specifically,
the class activation maps and attention maps illustrate that
the proposed structure can reduce the degradation of the
model performance due to data pollution, enhancing the
credibility of the proposed method in practical applica-
tions. Moreover, the proposed model outperforms existing
machine learning-based models in terms of accuracy and
robustness. Such a structure has been proven effective on
field data and can be applied to many other tasks of fault
diagnosis.

Index Terms—Convolutional networks, explainability,
fault classification, fault location, robustness, transmission
lines.

I. INTRODUCTION

W ITH the accelerated growth of power loads and the large-
scale integration of renewable energies, long-distance,

and bulk-capacity power transmission has become the trend of
future power grids [1]. However, the increased voltage level of
transmission lines exacerbates the negative impact of outages
caused by transmission line faults, which account for more
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than 85% of power system faults [2]. As a result, rapid and
accurate fault classification and location on transmission lines
are critical for power system reliability [3]. Although circuit
breakers and relays are widely deployed to monitor the status
of transmission lines, their mis-operation occasionally occurs,
causing serious cascading failures or outages [4]. In addition,
reliance on the knowledge of transition resistance [5] and the
accurate recognition of initial wave head [6], respectively, lim-
its the traditional impedance-based and traveling-wave-based
methods for fault location estimation. With the collaborative
operation of wireless sensor networks (WSNs) and the develop-
ment of edge computing units in smart grids [7], the reliable and
real-time information on transmission lines can be monitored
and further analyzed, motivating the development of specialized
data-driven fault-diagnosis methods for fault classification and
location applications.

As for data-driven fault classification and location tasks, there
exist two major categories of methods in the literature. The first
category generally has two steps, namely, feature extraction and
classification. To extract features from faulty voltage and current
signals, various frequency-domain techniques, such as discrete
Fourier transform [8] and discrete wavelet transform [9], [10],
have been used. The subsequent classification methods are de-
veloped using different data-driven approaches, including mul-
tilayer perceptron (MLP) [10], extreme learning machines [11],
fuzzy-logic systems [12], support vector machines [9], [13], and
random forests (RF) [8], [14]. An ensemble learning algorithm
is developed in [14], where the RF algorithm is trained with the
incremental quantities of fault current signals that are calculated
using moving average filters. However, the two-step methods
highly rely on expert knowledge when extracting the features
and lack closed-loop feedback between feature extraction and
model results.

The other category addresses the fault diagnosis in an end-to-
end structure, which reduces the reliance on expert knowledge
and commonly leads to the better performance owing to the
iterative optimization of model parameters. These deep learning
methods attempt to find fault signal representations that contain
more useful information in a data-driven manner. In [15], denois-
ing sparse autoencoders (DSAEs) are used to extract features
from data through a reconstruction task. These features are then
used as filters in the convolution operation [16] with signals,
producing representatives for the signals. The group sparse
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representation classification (GSRC) is proposed in [17], where
the fault type is determined by comparing the reconstruction
error of different fault-type-specific groups in the training sam-
ples dictionary. Qin et al. [18] proposed an online fault diagnosis
method based on the deep belief neural network, which extracts
and classifies the characteristics of fault signals automatically.
Through image processing, Lei and Sui [19] achieved highly
accurate fault classification of high-voltage lines based on the
region convolutional neural network (CNN). In [20], an adap-
tive CNN-based method is proposed for fault location, and the
pooling model is improved to increase its feature extraction
ability. Belagoune et al. [21] extracted spatiotemporal sequences
of high-dimensional electrical features by building two separate
models using the long short-term memory (LSTM) structure,
which presents high accuracy in both fault classification and
location tasks.

Nonetheless, the above data-driven methods exhibit limita-
tions when applied to practical power systems. First, the online
data collected by WSNs contain various noises [22], yet the
previous methods rarely consider robustness against data pollu-
tion when designing the structure of the algorithm, hampering
the application of data-driven models to real-world scenarios.
Second, explainability is lacking in existing algorithms, lead-
ing to concerns from grid operators about the fault diagnosis
decisions given by the artificial intelligence algorithms, espe-
cially the end-to-end deep learning method. Third, the previ-
ous approaches (e.g., [9], [21], [23], [24]) commonly utilize
separate algorithms for fault classification and location based
on the post-fault transient voltage and/or current waveforms,
which are jointly decided by the fault type and fault distance in
transmission lines. Since the high relevance between the fault
classification and location tasks is not efficiently utilized by the
separate models, the performance and robustness of data-driven
models are limited [25].

Considering the existing research gaps, in this work, we
proposed an explainable and robust integrated model for fault
classification and location. As we use the postfault transient
voltage or current waveforms as the model’s input for fault
diagnosis, the faulty temporal series data would be stored as
high-dimensional arrays, which present data structures similar
to images. Accordingly, this work adopts the CNN, which is a
widely used model for image classification. Compared with FC
neural networks [24], the utilization of CNN greatly reduces the
number of model parameters as the convolutional neurons share
the same weights for each spatial location when extracting the
high-dimensional data [26]. In order to improve model robust-
ness against data pollution, the nonlocal block [27] and Drop-
Block [28] are utilized to, respectively, capture the long-range
dependencies and temporally dispersed fault information in
samples. Specifically, the attention operation in nonlocal blocks
introduces effective multihop dependency modeling ability into
the proposed method to automatically neglect consecutive mea-
surement errors [27], which are widely witnessed in fault signals
due to stochastic packet drops and communication failures in
data collection units [22]. The main contributions of this article
include the following.

Fig. 1. Fault diagnosis models. Left: the benchmark model with three
convolutional sections. Right: the proposed model.

1) The model structure is designed to improve robustness
against data pollution, which has been verified with differ-
ent levels of data pollution and field data, demonstrating
the feasibility of the proposed model in real applications.

2) Model explainability is realized based on the proposed
structure for fault diagnosis. This not only visualizes
and proves the model robustness, but also enhances the
credibility of the data-driven method in practice.

3) A multitask framework is developed to introduce the
relevance between fault classification and location tasks
as an inductive bias, leading to better robustness than
separate models.

The rest of this article is organized as follows. The proposed
convolutional network model is elaborated in Section II. In
Section III, we will analyze the proposed model in terms of ro-
bustness and explainability and compare its performance versus
existing approaches. Verification of the proposed model on field
data is also provided. Finally, Section IV concludes this article.

II. PROPOSED FAULT CLASSIFICATION AND LOCATION

APPROACH

In this section, we propose a multitask model that outputs
fault classification and location estimation via a single frame-
work. Several components are utilized to modify the benchmark
model, effectively increasing the model’s robustness and ex-
plainability.

A. Proposed Model Overview

The structure of the proposed network is shown in Fig. 1
(right). Several components, including residual blocks (Res-
blocks) [29], nonlocal blocks, and DropBlock layers, are added
to the benchmark model (a convolutional network) shown in
Fig. 1 (left). A similar model structure has been used for fault
diagnosis on transmission lines [30].

For both models, global average pooling (GAP) and fully
connected (FC) layers are added at the end of the structure, and
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the outputs for fault classification and location are separately
estimated through softmax [31] and linear functions. The appli-
cation of GAP layers enables the visualization of class activation
maps (CAMs) for explainability. The fault location under the
nonfaulty scenario is set to 0 during the training process, and
gives a nonzero output once the fault classification determines an
abnormal operation during the test process or actual application.
The loss weights in the fault location and classification tasks are
set to 0.8 and 0.2. A typical feature map at the lth convolutional
layer of the network has the form xl ∈ RT l×Cl

, where T l is
the number of timesteps and Cl is the number of channels of
the lth convolutional layer. In this work, T 1 = 200 and C1 = 6
since the input sample has 200 timesteps and 6 signals, as will
be discussed in Section III-A. For simplicity, the superscripts
for layer indexes are omitted hereinafter. A detailed explanation
of the convolutional and pooling layers for 1-D multichannel
signals can be found in [15].

To simplify the optimization process in deep networks, Res-
blocks [29] are added to the proposed structure. A typical
residual block has the form

y = fres(x) + x (1)

where fres is the transformation function in the residual block.
In this work, we simply use a convolutional layer for fres. The
“+x” part in (1) is the residual connection. When the input
and output feature maps have different numbers of channels, a
convolutional layer is also added to this path so that the two
terms in the equation add in an element-wise manner.

B. Components for Robustness

In this work, the nonlocal block and the DropBlock are added
to the model for better robustness. Specifically, the nonlocal
block enables the model to integrate fault-related information
within the feature maps (especially for information within
timesteps that are far from each other), and the DropBlock layer
forces the model to collect more fault-related information that
is temporally dispersed.

The nonlocal block allows the features at each time position in
a feature map to interact with features at all timesteps rather than
timesteps in a local region [27]. With reference to the diagram
of the nonlocal block in Fig. 2, the nonlocal operation for an
input feature map x ∈ RT×Cin writes

yi =
1
T

T∑

j=1

f(xi,xj)g(xj) (2)

whereT is the timestep number of the feature map,y is the output
feature map, and the subscripts i and j of x and y are indexes
of timesteps. The pairwise function f , which takes feature maps
of two timesteps as input and produces a scalar, is defined as

f(xi,xj) = θ(xi)
Tφ(xj) (3)

where θ(xi) = Wθxi, φ(xj) = Wφxj , and Wθ and Wφ are
weight matrices to be learned. Similarly, g(xj) = Wgxj and
Wg is a weight matrix. In Fig. 2, θ(xi), φ(xj), and g(xj) are
named as the query of timestep i, the key of timestep j, and
the value of timestep j, respectively. For a given timestep i, the

Fig. 2. Nonlocal block for 1-d feature maps. An attention map is ob-
tained by mapping the input feature map into two embedding spaces,
and by using the dot-product similarity. “⊗” and “⊕” stand for matrix
multiplication and element-wise sum, respectively.

Fig. 3. Two regularization methods based on randomly dropping val-
ues in feature maps. (a) Dropout. (b) DropBlock. For 1-d feature maps
with multiple channels, DropBlock is performed within each channel.

inner product of its query θ(xi) and the key of each timestep
is calculated to produce the attention scores for all timesteps.
Specifically, normalizing f(xi,xj) with 1

T gives the attention
score assigned to g(xj) for timestep i. As shown in Fig. 2, θ,
φ, and g are implemented as convolution operations of C ′ filters
with a filter size of one along the timesteps.

The overall nonlocal block is then further defined as

zi = Wzyi + xi (4)

where z is the output of the block and Wz transforms yi so that
it matches the size of the input (i.e., fromC ′ toCin). The residual
connection from xi ensures that local information is also found
in the output of the block.

DropBlock is another component that can increase robustness
of the model [28]. An illustration of DropBlock is shown in
Fig. 3. Unlike the dropout method that randomly samples a
maskM : Mi,j ∼ Bernoulli(p) and drops the values (i.e., set the
values to 0) where Mi,j = 0, DropBlock further sets the values
surrounding the 0 positions in M . In the 1-D case, the blocks
being dropped are restricted within channels. Specifically, after
pkeep (the probability a unit in the feature map is kept) andSb (the
size of the blocks) are determined, the parameter γ is calculated
as

γ =
1 − pkeep

Sb
× T

T − Sb + 1
. (5)

The center points of the blocks to be dropped are the positions
of zeros in M : Mi,j ∼ Bernoulli(γ). During training time, the
masks are sampled for each sample, and the feature maps are
multiplied by Nfeat/(Nfeat −Ndrop), where Nfeat is the number
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Fig. 4. Diagram explaining how the CAMs are generated. The CAM
reveals the most important regions for fault diagnosis.

of units in the feature map, and Ndrop is the number of units
dropped. As fault-related transients appear in temporally con-
tiguous sections within a signal, DropBlock is more likely to
mask out clues that can be used to infer the fault classification and
location. Thus, the model is forced to collect more information
from temporally distributed areas based on the input and the
feature maps. Such a regularization increases robustness of the
model.

C. Components for Explainability

Explainability of the model is obtained by assessing the
contribution of different input features to the output results, and
helps identify the most important regions in the database for spe-
cific tasks. In this article, the modified explainable component
is also used to verify the model robustness.

Explainability of the proposed convolutional network model
can be achieved by CAMs [32]. The procedure for generating
CAMs is illustrated in Fig. 4. Specifically, the activation of the
cth GAP unit is calculated as ac =

1
T

∑T
i=1 x

c
i , which simply

averages the values of all units for the channel, where xc
i is the

activation of the unit at the ith timestep and the cth channel in
the feature map before the GAP layer.

The input to the softmax function at the output layer for class
k then becomes

qk =

C∑

c=1

wk
c ac =

C∑

c=1

wk
c · 1

T

T∑

i=1

xc
i =

1
T

T∑

i=1

C∑

c=1

wk
cx

c
i (6)

where wk
c is the weight associating the cth GAP unit and the kth

class at the output. Finally, the output of the softmax function
for class k is pk = exp(qk)/

∑
l exp(ql). In order to obtain the

CAM for a given input, we define the activation map for class k
at the ith timestep as

Ak
i =

C∑

c=1

wk
cx

c
i (7)

so that we have qk = 1
T

∑T
i=1 A

k
i (an illustration of this calcu-

lation can be found at the bottom of Fig. 4). Thus, it is clear
that Ak

i can be used to reflect the importance of the ith timestep
for determining that the input belongs to class k. Note that the

Fig. 5. Studied three-phase power transmission system with sources
at both ends. Voltage and current signals on one side of the line are
monitored.

timestep at the feature map before the GAP layer is reduced by a
factor of 2Nsec owing to theNsec max-pooling layers in the model
(the pooling size of the max-pooling layer is 2), therefore, the
values in the maps at the output are repeated 2Nsec times in order
to upsample the activation map to the size of the input and obtain
the CAM for the input sample.

III. RESULTS AND DISCUSSION

In this section, the performance of the proposed model is
discussed with numerical experiments. Two tasks, namely, fault
classification and location, are simultaneously considered as the
model target. Section III-A introduces the two datasets utilized
in this article. Section III-B provides implementation details
of the proposed model. Focusing on dataset I, Section III-C
demonstrates the model accuracy and discusses the effect of
each modified block on robustness, and Section III-D visualizes
the model robustness through explainable components. In Sec-
tion III-E, the proposed model is adapted to dataset II, and its
performance is compared with existing approaches. Finally, in
Section III-F, field data are used for verification.

A. Data Generation

The transmission line system studied in this work is shown in
Fig. 5. When a short-circuit fault occurs in the system, the post-
fault voltage and current signals are measured by the contactless
sensors based on photoelectric [33] and tunnel magnetoresis-
tance [34] at one end of the system. To provide data for the fault
classification task that determines the type of fault, the nonfaulty
scenario and 10 fault types are considered. Specifically, fault
types a–g, b–g, c–g are single-phase-to-ground (L–G) faults,
ab, ac, and bc are phase-to-phase (L–L) faults, ab–g, ac–g, and
bc–g are two-phase-to-ground (L–L–G) faults, and abc–g is the
three-phase-to-ground (L–L–L) fault.

Two datasets from [15] are used to train and test models.
Dataset I is generated from a 200 km, 220 kV, 50 Hz transmission
system (simulated in MATLAB/Simulink). The transmission
line has a positive sequence impedance Z1 = 4.76 + j59.75 Ω
and a zero sequence impedance Z0 = 77.70 + j204.26 Ω. The
impedance at the sources is Zs = 3.0135 + j43.35 Ω. The sys-
tem (simulated in PSCAD/EMTDC) for dataset II is similar to
that used for dataset I but has untransposed transmission lines.
The impedance of the sources is Zs = 9.19 + j74.76 Ω, and
the positive and zero sequence impedances of the transmission
line are Z1 = 5.38 + j84.55 Ω and Z0 = 64.82 + j209.53 Ω,
respectively. For both datasets, three-phase voltage and current
signals are measured at a sampling frequency of 20 kHz, thus,
each cycle has 400 timesteps. The sample length of the datasets is
200 timesteps, leading to an input feature dimension of 6 × 200,
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TABLE I
SIMULATION PARAMETERS

TABLE II
DETAILS OF THE PROPOSED MODEL

indicating the three-phase current and voltage data over 0.5
cycles.

The parameters used to generate samples in the two datasets
are listed in Table I, where the value in the brackets indicates
the interval between parameters. For dataset I, a total of 10
different time windows relative to the fault inception time are
used. Specifically, the timestep number differences, obtained
by subtracting the pertinent number of the fault inception time
from that of the starting time, include −80, −60, −40, −20, 0,
20, 40, 60, 100, and 200. Besides, dataset II has the same time
window that starts at the fault inception time. Overall, a total of
249 480 samples are simulated for dataset I, while dataset II has
5940 samples. For both datasets, the proportions of the training,
validation, and test set are 60%, 20%, and 20%, respectively.

B. Implementation Details

Details of the shared layers in the proposed multitask model
are shown in Table II. The three sections mainly include convo-
lutional layers (or ResBlocks), max-pooling layers, and nonlocal
blocks. Moreover, DropBlock layers within Conv1, ResBlock2,
and ResBlock3 have Sb = 11 and pkeep = 0.8, whereas the re-
maining DropBlock layers have Sb = 3 and pkeep = 0.9. The
hyperparameters of models utilized in this paper are tuned
using the grid-search process [35] in order to achieve the best
performance.

C. Accuracy and Robustness Against Data Pollution

The error in the fault location task is given by

Error =
|Output distance − True distance|

Line length
× 100% (8)

Fig. 6. Performance of two tasks achieved by the proposed integrated
structure (in absence of data pollution). (a) t-SNE visualization for fault
classification task. (b) relative error distribution in fault location task.

The proposed model is built based on dataset I. In order
to prove the effectiveness and high accuracy of the proposed
integrated model, the model performance is first obtained in the
absence of data pollution. In this case, the accuracy of fault
classification is 99.83%, and the error of fault location is 1.98%.
For validation, we visualize the feature representations at the
GAP layer by t-SNE [36] for fault classification [see Fig. 6(a)],
and display the relative error distribution for the fault location
task [see Fig. 6(b)]. It is seen that the proposed model effectively
distinguishes different fault types and exhibits low errors in fault
location estimation.

Robustness of a model refers to its ability to maintain correct
results when perturbations including noise and errors appear
in the data. In this work, several components are added to the
benchmark model to improve the model robustness against data
pollution. The model, which was trained by the original simu-
lation data, is validated by the test set with three types of data
pollution that are commonly seen in field measurements [15],
including the following.

1) Gaussian noise that is added to the signals to reach certain
signal-to-noise ratios (SNR), with the SNR values being
randomly selected from 10, 12, 14, and 16 dB.

2) Single-timestep errors, i.e., errors that last for only one
timestep. If a signal is affected by this type of error, all its
values have a probability pSE to be replaced by an error
value (in this work, 50% of the time it is set to zero, and
the other 50% of the time it is set to positive or negative
2, 4, 6, 8, or 10 p.u.) The value of pSE is randomly chosen
from 0.01, 0.02, and 0.03.

3) Consecutive errors representing a signal section that takes
the same value for more than one timestep. Possible error
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Fig. 7. CAMs of the proposed model (a) without and (b), (c) with data pollution. Left: voltage signals. Right: attention maps of the final nonlocal
layer.

TABLE III
PERFORMANCE OF PROPOSED MODEL WITH DIFFERENT COMPONENTS (IN

PRESENCE OF DATA POLLUTION)

lengths include 5, 10, 15, 20, 25, 30, 35, and 40. Candidate
choices of amplitude for this error are the same as single-
timestep errors. While single-timestep errors may occur
more than once, we assume that consecutive errors occur
exactly once for the affected signal.

To investigate the contribution of model components on the
overall robustness, performances of different model structures
are obtained via the removal of specific components, as shown
in Table III (where the indexes with the best performance are
highlighted in bold hereinafter). It is seen that both the nonlocal
block and the DropBlock layer enhance performance of the
model, and combining both components further lifts robustness,
as the nonlocal block and DropBlock encourage the model to
capture global features and information from temporally dis-
tributed areas in the input.

Furthermore, the unified structure is characterized by gener-
ally higher effectiveness compared to the separate models for
fault classification and location tasks. To prove this, individual
models for two tasks, which share the same structure as the
proposed model [see Fig. 1(b)] except for the output layer, are
generated. In the absence of data pollution, the accuracy of fault

classification is 99.81%, and the error of fault location is 1.93%,
which are close to those using the unified structure. However,
in the presence of data pollution, the fault classification accu-
racy decreases to 97.82% and fault location error increases to
3.73%, implying obvious performance degradation in practical
scenarios if separate models are used. Conversely, the unified
structure model maintains high performance in both tasks (see
Table III). Indeed, since the model input is jointly decided by
the fault type and the fault distance in transmission lines, the
multitask model can introduce the high relevance between the
fault classification and location as an inductive bias [25], and
the common knowledge relevant to the two tasks can be shared
during the model’s optimization process [25], leading to higher
robustness against data pollution.

D. Explainability Analysis

The CAM generated from the GAP layer introduces explain-
ability to the method in the classification task. According to (6)
and (7), the CAM highlights the data that contribute most to the
model output. When different signals are adopted as inputs to
the model, as visualized by CAM and shown in Fig. 7 (the darker
region indicates the higher importance hereinafter), the impor-
tant regions are adaptively determined by model optimization.
Specifically, in the first case [see Fig. 7(a)], the input signals are
valid throughout the interval, and two high-importance regions
are identified for the fault classification task. The pertinent
information is focused on by the model, and makes higher
contributions to the output.

To reveal the reason behind the high robustness of the pro-
posed model, consecutive invalid data are added to the high-
importance regions of the voltage signal in phase B, as shown in
Fig. 7(b) and (c), then the most important regions are relocated
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Fig. 8. Example of bc-fault comparing robustness of the benchmark model versus proposed model. (a) Benchmark model. (b) Proposed model.

to the remaining unaffected sections. Thus, the model robustness
can be maintained at a high level as the proposed structure
adaptively captures valid data. A deeper understanding of this
result can be gained by visualizing the attention maps of the final
nonlocal layer. The attention scores of each row belong to the
same query and are assigned to each timestep according to (2).
The attention maps in Fig. 7(b) and (c) neglect the error-affected
parts of the signal, yet maintaining attention to the rest of the
signal, demonstrating that the model can adaptively focus on
valid data.

Then, when a bc-type fault is considered for fault classifi-
cation task, Fig. 8 visualizes and compares robustness against
data pollution between the benchmark and the proposed model.
With the benchmark model, three important regions have been
placed in the successive error range [see Fig. 8(a)], leading
to an incorrect output of fault classification bc–g. Conversely,
important regions of the proposed model adaptively avoid the
consecutive error data [see Fig. 8(b)], leading to the correct
fault classification. Thus, the proposed model structure results
in higher robustness.

Despite the efficient use of model explainability in the bench-
mark and the proposed models, it is noted that explainability
is not generally available. Indeed, the benchmark and proposed
algorithms contain components that enable the model to exhibit
explainability based on CAMs, including the CNN backbone,
and the GAP layer. Conversely, the previous models that will be
discussed in the following section lack the utilization of these
components and, hence, exhibit no explainability.

E. Comparison Versus Existing Approaches

In this section, the proposed model is built based on dataset
II. The model generated based on dataset I can be used as the
pretraining model to improve training efficiency. While the pro-
posed model has an integrated framework for fault classification
and location tasks, different comparison models, including the
deep structure models (LSTM, DSAE, and GSRC) and shallow
models (RF and MLP), are trained separately for two tasks.
Specifically, for the MLP model proposed in [24], four MLP
locators are built for different fault categories (i.e., L–G, L–L,
L–L–G, and L–L–L), hence, fault location needs to be estimated
after determining the fault type.

TABLE IV
COMPUTATIONAL EFFICIENCY OF DIFFERENT METHODS

TABLE V
MODEL PERFORMANCE COMPARISON WITH UNPOLLUTED DATA

The offline training and online testing times of different
methods are summarized in Table IV. All computations were
executed on a server with a CPU 6240R 2.4 G, 24 C/48 T. As
four MLP model is trained in [24] for the fault location task, the
average time of the four separate model is taken as the processing
time. In general, the RF and MLP models consume less time with
their shallow structures, at the expense of their achieved accuracy
(as will be discussed below). Among the deep structure models,
the proposed model, characterized by a combined structure for
accomplishing the two tasks, has training and test times close
to those of other models for a single task (see[15], [17], [21]).
Hence, the multitask architecture of the proposed model reduces
the overall computational burden.

Table V demonstrates the classification accuracies and loca-
tion errors under unpolluted data. Among the different meth-
ods, the shallow models present worse performance than the
deep-layer models. Specifically, the MLP model has the worst
performance in both tasks, as the simple MLP layers have limited
ability to extract high-dimensional electrical data; conversely,
the proposed model reaches the highest accuracy in both tasks.
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TABLE VI
ACCURACY OF DIFFERENT MODELS UNDER VARIOUS SNR LEVELS FOR

FAULT CLASSIFICATION

TABLE VII
ERROR OF DIFFERENT MODELS UNDER VARIOUS SNR LEVELS FOR FAULT

LOCATION

TABLE VIII
ACCURACY OF DIFFERENT MODELS UNDER VARIOUS ERROR PROPORTIONS

FOR FAULT CLASSIFICATION

TABLE IX
ERROR OF DIFFERENT MODELS UNDER VARIOUS ERROR PROPORTIONS

FOR FAULT LOCATION

Considering the possible presence of various types of data
pollution in practice, robustness of the proposed model is further
compared with existing approaches, as shown in Tables VI–IX.
For better comparison, the data pollution is adjusted based on
existing works [15], [17]. Specifically, in the first case, Gaussian
noise is added to the test samples, reaching SNRs of 10, 12, 14,
16, 18, and 20. In the second case, consecutive errors are added
to the test samples (in one of the input channels), achieving an
error proportion between 0.5% and 3%. For 50% of the time, the

error amplitude is set to zero, whereas for the rest of the time it
is set to a high value (20 p.u.), either positive or negative.

In Tables VI and VII, performances of different models under
various SNR levels are listed. While all models are quite robust
against noise, the proposed model has the best performance,
which can be ascribed to the introduction of nonlocal blocks into
the CNN-based backbone. As a matter of fact, this combination
of attention computation and Convs has proved robust against
Gaussian noise, where the attention operations in nonlocal
blocks can be addressed as trainable spatial smoothing of feature
maps [37], making the proposed model more robust toward
Gaussian noise.

In Tables VIII and IX, the model performances under dif-
ferent proportions of consecutive errors are shown. Among all
the methods, LSTM, GSRC, and the proposed model present
better performance in both classification and location tasks.
Conversely, the performance of RF, MLP, and DSAE degrades
rapidly with the increase in consecutive error duration, suggest-
ing that these models are distracted by the continuous invalid
information. Meanwhile, in the case of errors with a large ampli-
tude (20 p.u.), the proposed model has the slightest performance
degradation compared to LSTM and GSRC, as its nonlocal
blocks capture long-range dependencies directly by computing
attention interactions between any two positions [27]; the direct
dot-product similarity operation (2) in the proposed network
adjusts its receptive field to find useful clues and filter out
invalid data for fault diagnosis [38]. The same conclusion has
been visually proved by the CAMs in Figs. 7 and 8(b), where
the model adaptively neglects the consecutive errors and finds
related clues to support its output, maintaining correct results
under data pollution.

Besides, as previously discussed, the proposed algorithm,
owing to its specific components, is characterized by unique
explainability compared to other approaches. This helps us to
reveal the physical mechanism and prove the model feasibility.

F. Verification on Field Data

In this work, field data measured from the 220 kV Zhanggong-
Fuxing transmission line, China [17], are used to validate the
proposed model. Three-phase voltage signals were recorded
at the Fuxing side of the line with a sampling rate of 4 kHz.
The half-cycle signals containing 40 timesteps, with the starting
timestep matching the fault inception time, are used as the test
sample. As the fault location information is unknown, only the
fault classification task is investigated.

Since samples in dataset II were generated using a similar time
window that starts at fault inception time, they are downsampled
and adjusted (to 40 timesteps that match the field data) to train the
proposed model. Afterward, the recorded field data demonstrat-
ing an a–g fault are fed into the proposed model, which correctly
identifies the fault type [see Fig. 9(a) for three-phase signals and
the CAM]. To further validate the proposed model, consecutive
errors are added to the single-phase signal [see Fig. 9(b)] and
three-phase signals [see Fig. 9(c)] in regions of high importance.
In both cases, the model can adaptively relocate the regions of
high interest and maintain the correct classification result. This

Authorized licensed use limited to: North China Electric Power University. Downloaded on August 16,2026 at 13:56:30 UTC from IEEE Xplore.  Restrictions apply. 



10190 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 19, NO. 10, OCTOBER 2023

Fig. 9. CAMs of the proposed method with (a) original, and (b),
(c) polluted field data.

proves that the proposed model trained by simulation data can
be effectively applied to practical cases.

IV. CONCLUSION

In this article, we proposed a robust and explainable model
with a unified structure for fault classification and location on
transmission lines. The model robustness against the noise and
data errors that are commonly seen in field measurements is
verified with numerical experiments. It can be summarized as
follows.

1) The proposed method presents a better performance than
the existing approaches. In the absence of data pollution,
the classification accuracy and location error are 99.83%
and 1.98%, respectively. In the presence of data pollution,
the model maintains high robustness owing to its unified
structure and adopted components.

2) The visualization using CAMs and attention maps reveals
that the proposed model can adaptively neglect consecu-
tive errors in signals and focus on the valid information,
intuitively explaining the reason behind model robust-
ness, and proving the feasibility of the data-driven method
in practical applications.

3) Since the model explainability and robustness are gained
by processing data in specific examples, the proposed
model has the potential to be applied to other fault di-
agnosis tasks with similar characteristics, such as fault
detection and location of the electric power cables that
are widely installed in cities.
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